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Abstract

In recent years, the exponential growth of data across various domains has necessitated
the development of advanced techniques to process and analyze multi-modal big data. This
is particularly relevant in the medical domain where data comes in diverse formats, such as
images, reports, and molecular data. Consequently, bidirectional cross-modal data retrieval
has become crucial for numerous research disciplines and domains.

Cross-modal retrieval seeks to identify a shared latent space where different modali-
ties, such as image-text pairs, are closely related. Obtaining high-quality vision and text
embeddings is vital for achieving this objective. Although training language models is
feasible due to the availability of public data and the absence of labelling requirements,
training vision models to generate effective embeddings can be challenging due to the
scarcity of labelled data when relying on supervised models. To address this challenge,
an end-to-end approach to learning vision embeddings in a self-supervised manner, coined
H-DINO+LILE, is introduced through a modification of the DINO model.

The suggested innovation to improve the DINO model involves transforming the exist-
ing local and global patching scheme into a new harmonizing patching approach, termed
H-DINO, where the magnitude of various augmentations is consistently maintained. This
method captures the contextual information of images more consistently, thereby improv-
ing feature representation and retrieval accuracy. Furthermore, a unique architecture is
proposed that integrates self-supervised learning and cross-modal retrieval modules in a
back-to-back configuration, enabling improved representation of cross-modal and individ-
ual modalities using self-attention and cross-attention modules. This architecture features
end-to-end training with a new loss term that facilitates image and text representation in
the joint latent space.

The efficacy of the proposed framework is validated on various private and public
datasets across diverse tasks such as patch-based (sub-images) and WSI-based (whole
slide images) retrieval, as well as text retrieval tasks. This thesis demonstrates that the
proposed framework significantly bolsters cross-modal retrieval within the medical domain.
Moreover, its applicability extends beyond the medical field, as it can be utilized in other
domains that require cross-modal retrieval and contain patching of gigapixel images in
their methodologies.
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Chapter 1

Overview

1.1 Motivation

The rapid expansion in the volume and variety of data, along with the recent success of
deep learning, has given rise to numerous real-world applications that depend on multi-
modal data integration [120], [119]. These applications are often complex and require data
from multiple sources to provide a comprehensive and holistic representation of data for
downstream tasks. However, most existing models are limited to processing a single data
modality, such as analyzing images or text exclusively. This limitation restricts the models’
capacity to achieve more generalizable, robust, and versatile data representations, which
is essential in today’s data-driven world.

As the demand for models that fluently operate across multiple modalities escalates, the
ability to effectively harness information from disparate data sources is becoming increas-
ingly pivotal in both academic and industry settings. Such multifaceted models provide
the advantage of processing diverse data types, resulting in more versatile and robust
knowledge synthesis. This not only enriches the decision-making process in computer-
aided systems but also catalyzes the delivery of more precise results and elevated efficiency
across an array of sectors.

Multimodal learning delineates the process of architecting models capable of assimilat-
ing and correlating data from a variety of data types, or “modes”, such as text, images, or
audio, to name a few [20]. The overarching aim of multimodal learning revolves around cre-
ating models adept at understanding, interpreting, and linking data across diverse formats,
thereby cultivating more holistic insights. The essence of this learning paradigm lies in the

1



fusion of these diverse modes, often yielding deeper and more intricate interpretations
compared to those derived from examining each modality in isolation.

Conversely, cross-modal retrieval mainly involves using a query from one format to find
items in another, like using text to retrieve relevant images. While cross-modal retrieval is
a subset of multimodal learning, it faces specific challenges, like addressing the differences
between these formats. Both multimodal learning and cross-modal retrieval handle diverse
data, but they target different aspects of analyzing and merging such data for informed
decisions.

The notion of cross-modal retrieval has rapidly gained traction in the realm of multi-
modal data processing. It seeks to discern the inherent linkage between data pairs origi-
nating from distinct sources, thereby unveiling the potential of blending information across
various modalities. The formulation of efficient and precise cross-modal retrieval models is
paramount for a multitude of applications, ranging from medical diagnosis, and content-
based recommendations to multimedia search engines and beyond.

Designing and training cross-modal networks pose unique challenges, as they must si-
multaneously learn inter-modal correspondences and individual modality representations
[34], [89]. Image and text are the most prevalent and commonly encountered modalities.
For instance, images may be embedded within text, accompanied by captions, or refer-
enced in textual content. In such cases, an image and its associated description often
convey complementary or even redundant information. By harnessing this multimodal
data, cross-modal retrieval models can offer a more comprehensive and nuanced context,
ultimately enhancing the efficacy of information retrieval tasks. Furthermore, by integrat-
ing information from diverse data sources, these models can provide more generalizable
and robust problem representations, facilitating better decision-making and more accurate
outcomes across various downstream tasks.

Human cognition may struggle to fully understand the context by considering only the
image or text. Additional information from another modality can provide more clues for
identifying and analyzing the data [127]. For example, consider an image-caption pair,
where the caption contains both complementary and redundant information about the im-
age. Figure 1.1 gives an example where some parts of the caption have complementary
information regarding the image; in contrast, the other parts are redundant information.
This additional information aids in better understanding the image and its context. Con-
versely, the image can help to comprehend the context at a higher level. This example
demonstrates that combining knowledge from multiple sources enhances information com-
prehension and retrieval performance.

Furthermore, having a model that can adeptly derive significant embeddings from

2



sparsely labelled data is of immense value in circumstances where acquiring labelled data
is costly or presents a considerable challenge [23]. This is especially relevant in the vi-
sual domain, where the inherent complexity of the data and the obstacles associated with
obtaining accurate labels make the process of extracting meaningful and informative em-
beddings an arduous endeavour. As a result, the advancement of cross-modal networks
that can effectively learn from diverse data sources and distill valuable embeddings with
minimal reliance on labelled data emerges as a crucial area of research. This field holds
vast potential for a wide array of applications, encompassing medical diagnostics, Natural
Language Processing (NLP), Computer Vision (CV), and beyond. The development of
such models can have a transformative impact on the efficacy and efficiency of data-driven
decision-making processes across numerous industries and disciplines.

The prevalence of diverse information sources and the scarcity of labelled data are es-
pecially evident in the medical domain [74]. Within patients’ medical records, images,
textual reports, and molecular data each serve as unique and vital sources of information,
contributing to a complete understanding of a patient’s condition. In this context, devel-
oping a model that can effectively extract meaningful embeddings from unlabelled data
becomes of paramount importance [19]. Such a model would have the ability to retrieve
and integrate information from one data source when another is available, enabling health-
care professionals to obtain a more comprehensive view of a patient’s medical history,
current status, and potential treatment options. This enhanced understanding would, in
turn, facilitate better-informed decision-making and ultimately lead to improved patient
outcomes. Furthermore, the development of these models could help address the challenge
of processing and interpreting the ever-growing volume of medical data, streamlining the
diagnostic process and potentially uncovering previously unrecognized patterns or rela-
tionships within the data [75]. Overall, the advancement of models capable of extracting
valuable embeddings from diverse, unlabelled data sources holds significant potential for
revolutionizing the medical field and improving patient care.

Cross-modal data retrieval and fusion have proven to be valuable in various domains
such as healthcare, e-commerce, and education. Developing robust and efficient cross-
modal models is critical to unlocking the full potential of multi-modal data, enabling
enhanced decision-making and improved outcomes in numerous real-world scenarios. With
the ongoing exponential growth of diverse data types, there’s an urgent necessity for models
that can handle and integrate this data. This underscores the need for advancements in
cross-modal retrieval techniques.
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Figure 1.1: Example for image-caption pair. The caption for this image reads: “A timed
exposure of the first Space Shuttle mission, STS-1, at Launch Pad A, Complex 39, turns
the space vehicle and support facilities into a night-time fantasy of light. To the left of the
Shuttle are the fixed and the rotating service structures”.

1.2 Objective

The common solution to understand the relationship between image and text is to map the
visual semantic embeddings [79], [58] of an image and the corresponding words, phrases,
sentences into a common latent embedding space [22], [26], [25], [128], [43], [79], [94]. In
these methods, the goal is generally to find a common space in which the corresponding
representations of image-text pairs are as close as possible, hence making the recognition
of their relationship easier.

To gain a better understanding of the similarity between the two modalities, recent
studies investigate the use of the attention mechanism. The term “attention” refers to
a process that simulates cognitive attention to highlight the most relevant features of
the input data while fading the rest. Attention-based topologies assume that the model,
generally an artificial neural network, should dedicate additional computational resources
to a significant portion of the data. Which part of the data is more significant than others
is determined by the context and can be learned by gradient descent on training data [143].
The majority of studies in this category have employed cross-attention mechanisms, which
allow the model to selectively attend to the parts of an instance that are relevant to the
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context from the other modality [89], [72], [131]. Some methods attempt to refine their
representation regarding the information of the other modality [34].

Nonetheless, these methods may not be able to find the optimal representation due
to the semantic gap between the representation of images and text. Moreover, ambiguity
in the text is a common challenge posing a learning obstacle to the model if it uses an
injective embedding [131]. Aside from that, humans use a hierarchical structure to organize
and store diverse semantic concepts. However, the majority of the currently available
approaches group semantics together in a consistent manner [89], [131]. An approach for
observing semantic concepts in a hierarchical framework that captures low-level features
first and, subsequently, higher-level features could mimic human intuition more realistically.
Another challenge, as mentioned in Section 1, is the difficulty and expense associated
with obtaining labelled data. This makes extracting meaningful embeddings a considerable
hurdle. To tackle this issue, some methods have explored the self-supervised learning
paradigm [38]. The majority of these approaches define a pretext task based on unlabeled
inputs to generate informative and comprehensible representations [67], [62]. However,
designing these pretext tasks requires a different approach due to the distinct nature of
histopathology data and its formatting as Whole Slide Image (WSI).

This dissertation addresses the mentioned problems by introducing an iterative regime
that not only captures related information from the other modality but also extracts the
most significant attributes by considering their context. This approach enables the model to
simultaneously capture information relevant to both modalities, leading to the extraction
of richer latent embeddings for each instance. Moreover, training the model iteratively
allows it to gradually capture higher-level features based on those acquired in previous
steps. Refining the extracted features through the intersection between modalities further
enhances the model’s representations.

To overcome the obstacle of labelled data scarcity, particularly for gigapixel images,
this thesis proposes a self-supervised approach utilizing a novel patching scheme. This
scheme aims to adapt to the intrinsic features of WSI and assist the model in generating
more robust embeddings for the visual component. The entire model is trained using an
end-to-end regime, which improves the accuracy and efficiency of the model [123], [88].

Extensive experiments have been carried out on public datasets MS-COCO [93], ARCH
[59], and PatchGastricADC22 [142], as well as a private dataset from GRH (Grand River
Hospital, Kitchener, ON) to evaluate the effectiveness of the proposed method. The ARCH,
GRH, and PatchGastricAD22 datasets consist of histopathology images along with their
corresponding captions/reports/primary diagnoses, which are extracted from histopathol-
ogy textbooks, the PubMed repository [9], originate from clinical practice in GRH case.
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1.3 Thesis Outline

The remainder of this thesis is organized as follows: Chapter 2 commences with an overview
of essential background material and key concepts employed in this study. Subsequently,
it delves into a comprehensive review of pertinent research papers on cross-modal retrieval
and self-supervised learning, highlighting the significance of these methodologies in the
current state of the field. In addition, this chapter briefly explores previous research efforts
that have investigated transformers, shedding light on their relevance and impact.

Moving forward, Chapter 3 introduces the proposed approach for cross-modal data
retrieval, detailing the various components and techniques employed in the model’s design.
This chapter also offers dataset descriptions, and a quantitative assessment of the model’s
performance, elucidating its effectiveness in meeting the challenges of cross-modal retrieval.

In the subsequent section, Chapter 4, the application of Self-Supervised Learning (SSL)
is introduced as a means to acquire enriched and robust vision embeddings to tackle the
scarcity of labelled data. When these embeddings are amalgamated with the proposed
cross-modal retrieval architecture, an enhancement in retrieval performance is observed.

In addition to introducing these innovative techniques, a comprehensive description of
the datasets utilized in this study is provided within this chapter. Moreover, a meticulous
quantitative evaluation of the model’s performance is conducted, using a variety of metrics
to highlight the efficacy of the proposed approach in addressing the intrinsic challenges of
cross-modal retrieval. The rigorous experimental methodology and statistical results are
outlined, effectively demonstrating the superior performance of the model.

Finally, Chapter 5 presents a summary of the essential findings and insights derived
from this research. In addition, it outlines potential future directions for exploration, under-
scoring the continued importance and relevance of cross-modal retrieval and self-supervised
learning in the ever-evolving landscape of machine learning and medical imaging.
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Chapter 2

Background and Related Works

This chapter attempts to provide a comprehensive overview of the main concepts used in
this dissertation, as well as different types of approaches for the cross-modal retrieval tasks.
To this end, this chapter has been organized into three sections. Section 2.1 begins by laying
the groundwork for the proposed methodology by providing a clear and concise overview
of the basic concepts of attention and Transformer-based models. This section will serve
as a foundation for understanding the key ideas presented later in Chapter 3. In Section
2.2, a comprehensive overview of SSL will be provided, a powerful paradigm that has
gained increasing attention in the field of deep learning. The basic concepts and principles
that underlie SSL will be introduced, including its key advantages and limitations. Next,
the differences between SSL and other popular learning paradigms, such as supervised
and unsupervised learning, will be explored, highlighting the unique advantages of SSL,
particularly in scenarios where labelled data is scarce or expensive to obtain.

The different types of SSL approach that have been proposed in the literature, including
contrastive learning, generative modelling, and clustering-based methods, will be reviewed.
For each approach, a detailed explanation of its underlying principles, as well as its potential
applications in the context of cross-modal retrieval, will be provided.

In Section 2.3, the existing literature on cross-modality retrieval is reviewed with a
specific focus on the use of attention-based approaches. The intention of this analysis is to
highlight the strengths and weaknesses of these approaches and to identify potential areas
for improvement.

Lastly, in Section 2.4, a brief background on digital pathology is provided, along with
the specific challenges posed by cross-modality retrieval tasks in histopathology. By under-
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standing this domain’s unique complexities, the potential impact of the proposed method-
ology and its potential applications in clinical settings can be better appreciated.

2.1 Transformer Models

In recent years, the use of Transformer models has become increasingly popular due to their
ability to outperform their predecessor models across a wide range of tasks, as substantiated
by an expanding body of research [124], [96], [87], [28], [13]. These models are a type of
neural network originally developed to solve sequence-to-sequence problems in machine
translation [14]. However, they have since been shown to have much broader applications,
as they can now be applied to any task that involves transforming one sequence into
another, regardless of the modality [92], [99].

The defining characteristic of Transformer models is their attention mechanism,
which allows them to selectively focus on different parts of the input sequence at each
computation step. This mechanism has been shown to be highly effective in capturing
long-range dependencies and relationships between different elements of the input sequence,
which can be crucial for many tasks in both CV and NLP domains [50], [28], [54].

In the field of NLP, Transformer models have achieved and surpassed previous state-
of-the-art (SOTA) performance on a wide range of tasks, from language modelling and
sentiment analysis to question answering and machine translation [50], [111], [141], [45].
More recently, Transformer models have also been successfully applied to CV tasks, such as
image classification and object detection, by adapting the attention mechanism to operate
over 2D image grids [54], [83].

Overall, the success of Transformer models across multiple domains and tasks is a
testament to their versatility and effectiveness. As researchers continue to explore new
ways to leverage their power, even more exciting advances in the field of deep learning will
likely be seen in the coming years.

Transformer models represent a major breakthrough in the field of deep learning, as
they have shown remarkable performance on a wide range of tasks that involve processing
input sequences and producing output sequences. Prior to the emergence of Transformers,
Recurrent Neural Network (RNN)s and Convolutional Neural Network (CNN)s were the
most popular models for sequence processing tasks, such as language modelling and speech
recognition [133], [166]. However, these models suffer from certain limitations making them
difficult to train and limiting their performance.
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For instance, RNNs are notoriously difficult to train due to the vanishing gradient
problem, which arises when gradients propagate through many time steps in the sequence,
causing them to become very small and ultimately leading to poor performance [48]. To
address this problem, researchers introduced LSTM networks, which use gating mechanisms
to selectively retain or forget information over long time horizons [63]. LSTMs have been
shown to be more effective than traditional RNNs at capturing long-term dependencies
in sequences, but they still struggle when the input sequences are excessively long, as the
likelihood of retaining context drops dramatically as information gets farther from the
current entity being processed.

As depicted in Figure 2.1, LSTMs employ multiplication and addition to make minor
changes to the input data. They use a combination of cell states and gating mechanisms to
selectively retain or forget information over long time horizons. While LSTMs have been
successful in many sequence processing tasks, their limitations in dealing with excessively
long sequences are a big problem. This problem arises as the likelihood of retaining context
drops dramatically as information gets farther from the current entity being processed [2].
In addition to the vanishing gradient problem, RNNs and LSTMs suffer from another major
limitation, which is their sequential processing nature. This makes it difficult to parallelize
the computations, which can significantly slow down training and inference time [56].

In contrast to RNNs and LSTMs, which suffer from the vanishing gradient problem and
have difficulty processing excessively long input sequences, CNNs have been successful in
exploiting local dependencies. They can be parallelized, allowing for efficient processing of
large amounts of data. This is because CNNs operate on small, localized regions of the input
and do not require knowledge of the entire sequence to make predictions. Consequently,
CNNs have been used in many applications, such as image classification, object detection,
and natural language processing.

Despite their strengths, CNNs do not necessarily solve the problem of capturing long-
range dependencies in sequences. This is because they are designed to operate on fixed-size
input tensors and are typically applied in a feed-forward manner, which does not allow for
feedback loops between different parts of the network. As a result, CNNs can struggle to
capture more complex patterns in sequences, particularly those that involve longer-term
dependencies between different elements [54].

Recent advances in deep learning, particularly the development of Transformers, have
offered a promising solution to these limitations. Transformer models use self-attention
mechanisms to selectively focus on different parts of the input sequence, allowing them to
capture long-range dependencies more effectively and process input sequences in parallel.
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Figure 2.1: An LSTM’s repeating module is organized into four interacting layers. Each
line contains a full vector from one node’s output to the inputs of others. The pink cir-
cles indicate point-wise operations such as vector addition, and the yellow boxes represent
learned neural network layers. Lines that merge indicate concatenation while forking de-
notes their content being copied and the copies being sent to distinct destinations. Figure
adopted from [11]

.

To solve the aforementioned problems, the Transformer concept was introduced in the
paper “Attention is all you need” [143], which proposed a novel way to perform sequence
translation in NLP applications. As depicted in Figure 2.2, the Transformer architecture
is composed of two main components: an encoder on the left and a decoder on the right.
Both the encoder and decoder consist of blocks that can be stacked on top of each other
multiple times. Each block in the Transformer architecture is based on two key components:
a multi-head self-attention module and a feed-forward layer.

The input to the Transformer first flows through an input embedding layer, which
converts the given inputs into embedding vectors. This process is described in detail in
Section 2.1.1. These embedding vectors are then added to a positional embedding, which
provides the Transformer with information about the order of the input and how the input
sequences are fed to the network [143]. This step is explained in Section 2.1.2. After
the input sequences are transformed into embedding vectors and positional embeddings,
they are fed into a stack of encoder blocks. Each encoder block consists of a multi-head
self-attention module, which allows the model to selectively attend to different parts of the
input sequence, followed by a feed-forward layer that applies a non-linear transformation
to the outputs of the attention module. The encoder block is explained in Section 2.1.3.
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Figure 2.2: The Transformer architecture. The main components are the encoder and
decoder parts. The embedding layer and positional embedding are present in both the
encoder and the decoder. Aside from that, the Encoder stack is composed of several
encoders. Each encoder has a multi-head attention module as well as a feed-forward layer.
The final encoder is fed into the decoder stack, which comprises a number of decoders.
Each decoder has two multi-head attention layers as well as a feed-forward layer. Image
adapted from [143]

2.1.1 Input Embedding

The input embedding layer plays an important role in the Transformer architecture by
transforming each entity in the input sequence into a dense, continuous vector representa-
tion. The input embedding layer in natural language processing can be viewed as a lookup
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table that retrieves a learned vector representation for each token1 in the input sequence.

The embedding layer associates each token with a unique, d-dimensional vector repre-
sentation, enabling the model to capture the semantic and syntactic relationships between
words in the input sequence. Figure 2.3 demonstrates the transformation of a sequence
of tokens into their respective embedding vectors. During training, embedding vectors are
learned and can be optimized to capture various input sequence characteristics, such as
word meanings, sentence structure, and context.

Out-of-vocabulary (OOV) words, which are words that do not appear in the model’s
predefined vocabulary, can be effectively handled by the model when input embeddings
are used. By representing each word as a continuous vector, the embedding layer can
capture the similarity between OOV words and other words in the vocabulary, enabling
the model to generalize to new words and phrases that may not have been encountered
during training.

As a result, the input embedding layer is an integral part of the Transformer architec-
ture that enables the model to effectively process input sequences by transforming each
entity into a dense, continuous vector representation. By mapping each token to a unique
embedding vector, the model is able to capture the semantic and syntactic relationships
between words in the input sequence, as well as handle out-of-vocabulary words effectively.

2.1.2 Positional Embedding

When processing a sequence, the order of the elements is crucial for capturing dependencies
and relationships between different parts of the sequence. However, when the sequence is
transformed into a set of discrete tokens, the model must rely solely on the learned embed-
dings to capture this information. To address this issue, the Transformer architecture uses
positional encoding to provide the model with additional information about the position
of each token in the sequence. There are two main types of positional encoding used in
the Transformer: absolute positional encoding and relative positional encoding.

The authors of the original Transformer paper, “Attention is all you need” [143], pro-
posed the use of a sinusoidal function for absolute positional encoding in the Transformer
architecture. This approach assigns a unique wavelength to each position in the input
sequence, encouraging the model to focus on a specific range of positions. This function
encourages the model to focus on a specific wavelength, λ, regarding the position of each

1Tokenization is the process of breaking down a piece of text into small units called tokens. A token
may be a word, part of a word or just characters like punctuation.

12



Word Embedding Weights


A sample text.

Tokenizer

Figure 2.3: The Embedding layer. The word embedding layer will map each token to a
vector spanned in d dimensions (the embedding dimension). n is the number of entries in
the dictionary, and d is the vector dimension.

token. Given a signal y(x) = sin(kx) the wavelength is 2π
λ

. In this case, λ is determined
by the position in the input sequence. The running variable i is employed to differentiate
between odd and even positions. The positional embedding for each token can be derived
from Eq. 2.1, where d is the size of the embedding vector.

PE(pos,2i) = sin
( pos

100002i/d

)
PE(pos,2i+1) = cos

( pos

100002i/d

) (2.1)

For example, for token t at position pos ∈ [0, S − 1] in the input sequence t =
(t0, . . . , tS−1) with 4-dimension embedding vector, the positional embedding would be

PE(pos) = [sin(
pos

100000
), cos(

pos

100000
), sin(

pos

10000
2
4

), cos(
pos

10000
2
4

)]. (2.2)

The value of 10000 in the original paper seems to have been chosen somewhat empiri-
cally to strike a balance between capturing fine-grained position information and avoiding
overfitting to specific positions in the sequence.
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In contrast, relative positional encoding uses the relationship between different tokens in
the sequence to encode positional information [125]. This method is based on the fact that
the relationships between different tokens in the sequence can be shown as a matrix, which
can be used to derive a set of relative positional embeddings. These embeddings capture
the pairwise relationships between different tokens in the sequence and can be added to
the learned embeddings to provide the model with additional positional information. The
relative position between two tokens is represented using a learned embedding vector ri−j,
where i and j are the indices of the two tokens being compared. This relative position
embedding is added to the dot product between the query and key vectors in the self-
attention mechanism as follows

Ai,j = softmax

(
qi × (kj + ri− j)√

d

)
(2.3)

where qi and kj are the query and key vectors corresponding to the ith and jth tokens,
and d is the dimensionality of the query and key vectors. The relative position embed-
ding ri−j is learned during training and allows the self-attention mechanism to capture
the relative position of different tokens within the input sequence. This approach has
been shown to be effective for tasks that require modelling long-range dependencies and
capturing complex relationships between different parts of the input sequence.

The use of both absolute and relative positional encoding in the Transformer architec-
ture enables the model to effectively capture the order of the input sequence and, thus,
more accurately capture the underlying relationships between the sequence’s various ele-
ments. By incorporating both types of positional encoding into the input sequence, the
model is able to capture the absolute position of each token as well as the pairwise relation-
ships between tokens and utilize this information more effectively to enhance the quality
of its predictions.

2.1.3 Encoder

The Transformer encoder is a critical component that plays a key role in transforming
an input sequence into a continuous, abstract representation that captures the relevant
information for the entire sequence. As shown in Figure 2.2, each encoder layer is composed
of a multi-head self-attention module and a feed-forward layer, with layer-normalization
and residual connections employed around each sub-layer to facilitate gradient flow and
network normalization [143].
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2.1.4 Attention

The Transformer has gained considerable traction in recent literature due to its efficient
utilization of the attention mechanism [135]. Designed to aid neural machine translation
in memorizing lengthy source texts [135], [118], the attention mechanism allows the model
to create shortcuts between the context vector and the complete source input. This is
achieved by applying attention instead of constructing a single context vector from the
encoder’s prior hidden state [151]. Each output is a weighted sum of values, with the
weight allocated to each value based on the similarity of the query with the corresponding
key [159].

Additive attention [17] and dot-product attention are the most prevalent attention
functions. In the original Transformer paper [143], the authors recommend employing
scaled dot-product attention, as it aligns more closely with their algorithm. Scaled dot-
product attention proves to be faster and more space-efficient compared to alternative
approaches such as additive attention [17]. Figure 2.4 visually represents the attention
module’s components. The attention function in practice can be illustrated by Equation
2.4. In this equation, Q represents a set of queries and K corresponds to a set of keys,
both possessing dimensions of dk. Simultaneously, V represents the values, which have a
dimension of dv.

Attention(Q,K, V ) = softmax

(
QkT√
dk

)
V. (2.4)

This concept intuitively, suggests that multiple heads allow the model to focus on dis-
tinct segments of a sequence separately [47]. Instead of applying a single attention function
to dmodel-dimensional data, the multi-head attention model performs linear projections on
queries, keys, and values h times in parallel. These projections are individually learned,
thus enabling the derivation of the dimensions dk, dk, and dv respectively. As a conse-
quence, the dimensions for dk and dv can be calculated by dk = dv = dmodel

h
, revealing the

intrinsic relationship between the dimensions and the number of heads in the model [143].
The attention function is subsequently applied in parallel to each of the projected versions
of the queries, keys, and values, generating dv-dimensional output values. These steps,
demonstrated in Figure 2.4, are added together after they have been computed.

Another rationale for utilizing multi-head attention is that it allows the model to attend
to input from distinct representation sub-spaces at different points while averaging in single-
head attention prevents this [143].
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(a) (b)

Figure 2.4: (a): Scaled dot-product attention module. (b): Multi-head attention. The
attention module performs its computations in parallel many times. Each of these is
referred to as an attention Head. The attention module divides its Query, Key, and Value
arguments N times and feeds each split via a separate Head. The results of all of these
identical attention computations are then added to generate a final attention score. Figures
adapted from [143]

Multi-Head(Q,K, V ) = Concat(head1, head2, . . . , headh)WO (2.5)

where,

headi = Attention(QWQ
i , KW

K
i , V W

v
i ) (2.6)

Here, W s are learnable parameter matrices with dimension of WQ
i ∈ Rdmodel×dk , WK

i ∈
Rdmodel×dk , W v

i ∈ Rdmodel×dv and WO
i ∈ Rhdv×dmodel
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2.1.5 Transformer Models in Computer Vision

Transformer architecture breakthroughs in the NLP tasks have inspired considerable in-
terest in the CV field in adapting these models for the vision and multi-modal learning
problems. Nevertheless, visual data has a consistent structure (e.g., spatial and tempo-
ral coherence), necessitating unique network designs and training approaches. Various
adaptations and extensions of Transformer models have been proposed to tackle different
computer vision challenges including image identification [54], [139], object detection and
segmentation [30], [170], [156], image super-resolution [155], image generation [33], text-
image synthesis [120], and visual question answering [134], [132], among other applications
[147], [86], [99]. Some of the most prominent vision Transformer models that have made a
significant impact on the field are reviewed in this section.

ViT [54] was the first implementation of a Transformer for computer vision tasks. It
applied the original Transformer blocks with some minimal modification to the input data.
The authors suggest that instead of a sequence of token embeddings fed to the network in
a standard Transformer, the input image is reshaped to a sequence of flattened patches.
ViT requires a larger dataset to be trained compared to CNNs since CNNs encode prior
knowledge (e.g., translation equivariance) about the images, which allows them to reduce
the amount of data that they require. [82]. The Data-efficient image Transformer (DeiT)
paper [139] was the first to show that Transformers can be learned on mid-sized datasets
as well (1.2 million ImageNet [49] examples against 300 million images used in ViT). The
primary contribution of DeiT is a novel native distillation strategy for Transformers to
leverage a CNN as a teacher model to train the Transformer model, in addition to ap-
plying augmentation and regularization processes prevalent in CNNs. The CNN outputs
in the DeiT architecture assist the Transformer in determining valuable representations
for given images. The Swin Transformer proposes a hierarchical Transformer model with
shifted windows [97]. It divides an image into non-overlapping patches and processes them
hierarchically, allowing for better scalability and performance on a wide range of vision
tasks, including image classification, object detection, and semantic segmentation. An-
other utilization of Transformer architecture for vision is ConViT (Convolutional Vision
Transformers) [55]. The author introduces a convolutional-like attention mechanism that
combines the benefits of both CNNs and Transformers. This approach incorporates local
information processing with the global receptive field of Transformers, resulting in improved
performance on computer vision tasks. These examples represent a few of the many inno-
vative adaptations and extensions of Transformer models for computer vision tasks. The
ongoing development of new methods highlights the potential of Transformer-based models
to revolutionize the field of computer vision further. There are several other Transformer
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based models that are implemented for CV applications [82], [163], [21]. Nevertheless, the
main idea is to apply Transformer blocks in their architecture.

2.2 Self-Supervised Learning (SSL)

In recent years, SSL has emerged as an effective method in the field of Machine Learning
(ML) and has drawn immense interest. SSL operates on unlabeled data, which is abun-
dant and readily available for many applications, in contrast to supervised learning, which
requires a significant amount of labelled data. SSL is designed to learn effective represen-
tations of data without the need for explicit supervision by learning useful features from
the data itself. Models trained with SSL can be fine-tuned for a wide range of down-
stream tasks, often with less labelled data than would be required for purely supervised
approaches.

The primary goal of SSL is to enable machines to learn in a more human-like manner
by leveraging the vast amounts of unannotated data that humans ingest and learn from
with ease. This learning paradigm has been implemented in numerous fields, including
NLP, CV.

SSL has proven to be particularly effective in CV, where it has achieved SOTA perfor-
mance in many tasks, including image classification, object detection, and semantic seg-
mentation [112], [154], [16]. Self-supervised methods in CV usually utilize pretext tasks,
which are designed to generate surrogate supervision signals from the raw data itself in
order to learn feature representations. Image inpainting, image colorization, and image
rotation prediction are prominent pretext tasks [52], [60], [39]. There are some popular
methods in self-supervised learning that in this section are going to elaborate them. Sim-
CLR [37], BYOL [64], and DINO [32] are three popular self-supervised learning methods
in the field of CV. Each of these methods uses a different approach to learn effective rep-
resentations from unlabeled data. SimCLR (Simple Framework for Contrastive Learning
of Representations) is a method for learning representations by maximizing the agreement
between various augmented views of the same data point. SimCLR employs a “projection
head” to transfer the representations of the augmented views to a common feature space in
which agreement between the views can be maximized. The key idea of SimCLR lies in its
utilization of contrastive learning to acquire meaningful representations. Additionally, the
incorporation of a large batch size and a temperature scaling parameter has been shown
to enhance the stability and performance of the method. BYOL (Bootstrap Your Own
Latent) is an approach that employs a “predictor” network to predict the representations
of a set of augmented views of the same data point. The predictor network is trained to
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generate the representations of one view, while the “target” network is used to generate
the representations of another view. Optimizing the predictor network to match the rep-
resentations produced by the target network encourages the target network to learn more
informative representations. The primary innovation of BYOL lies in its adoption of SSL
without negative pairs during training, combined with the incorporation of an exponential
moving average (EMA) mechanism to update the target network. These novel approaches
contribute to enhanced stability and faster convergence during the training process. DINO
(DIstillation of knowledge with NO labels) is a SSL method that employs self-distillation
and ViT to acquire high-quality visual representations without labels. The main innova-
tion of the DINO approach lies in the application of “self-distillation”, where both teacher
and student networks share an identical architecture. The method optimizes the student
network to mimic the output of the teacher’s network, which is achieved by maintaining an
exponential moving average of the student network’s weights. This unique self-distillation
process that introduced in [68] enhances the student’s ability to learn meaningful repre-
sentations from the data, leading to improved performance and generalization. Moreover,
this approach effectively mitigates mode collapse, a common issue in deep learning, by en-
couraging the student network to explore a wider range of representations during training.
Refer to Figure 2.5 for a graphical representation of the DINO model.

2.3 Cross-Modality Retrieval

This study aims to investigate cross-modal image-text retrieval, which involves finding the
underlying relationship between images and textual descriptions. Cross-modal retrieval
is a well-studied problem in multimedia research and has several applications, including
image captioning, text-based image retrieval, and visual question answering. In recent
years, deep learning-based methods have shown significant improvements in cross-modal
retrieval tasks. This section will explore the most relevant studies on image-text retrieval.

A rich line of works on cross-modality retrieval was looking for a similar pattern in
the feature representation of both modalities [79], [89], [73], [100], [91]. These studies
can generally be categorized into global and local feature-matching approaches. Global
matching methods attempt to map whole images and complete words to a shared feature
space. On the other hand, local feature-matching approaches make use of local features to
attempt to match image regions with words.

A substantial body of research on cross-modality retrieval focuses on finding similar
patterns in the feature representations of both modalities [79], [89], [73], [100], [91]. These
studies can generally be categorized into global and local feature-matching approaches.

19



Figure 2.5: The DINO model utilizes different distinct random transformations of an input
image (for simplicity, only two of them are shown in this Figure), which are respectively
passed to the student and teacher networks. While both networks share the same archi-
tecture, their parameters are distinct. The output of the teacher network is centred using
a batch-wide mean. Each network generates a K-dimensional feature that is normalized
using a temperature softmax over the dimension of the feature. Then, a cross-entropy loss
is used to determine their degree of similarity. Stop-gradient (sg) operators are applied to
the teacher in order to propagate gradients only through the student. The parameters of
the teacher are updated with an exponential moving average (ema) of the parameters of
the student model. Figure adopted from [32].
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Global matching methods attempt to map entire images and complete words to a shared
feature space, while local feature matching approaches utilize local features to match image
regions with words.

Global feature matching methods were among the first attempts to tackle the
image-text retrieval task. Kiros et al. [85] proposed to utilize a CNN and a RNN to
encode given images and text data. They introduced a pairwise ranking loss objective
for the loss function, aiming to rank images and their corresponding descriptions. Faghri
et al. [57] modified the loss function by incorporating hard negatives in the triplet loss
function and applied it to an architecture similar to [85]. They demonstrated that adding
a hard negative loss function could lead to significant improvements. In addition to these
efforts, several other approaches have been proposed. The m-CNNs paper proposes multi-
modal convolutional neural networks (m-CNNs) for image-sentence matching. The m-
CNNs consist of one image CNN and one matching CNN [104]. The authors claim that
their approach can effectively capture the information necessary for image and sentence
matching.

As the quality of generative models improved [169], [81], some studies attempted to
exploit the capability of generative models to enhance the performance of proposed meth-
ods. Mandela et al. [113], Peng et al. [114], and Gu et al. [65] suggested incorporating
a generative objective into the loss function, which helped bring related instances closer
together.

Local feature matching methods have shown to be effective in capturing the corre-
spondence between image and text feature representations at the level of image regions and
words. These methods have gained more popularity due to their ability to match image
regions and words separately, resulting in better performance compared to global feature
matching methods [131]. Karpathy et al. proposed a method to extract features for image
regions at the object level using Faster R-CNN [121] and text words and then align them
into a common space [79]. As the application of the attention mechanism in a variety of
tasks has become more common, several approaches in image-text retrieval seek to leverage
it in their methods [34], [89], [76], [131], [136], [89]. Song et al. [131] proposed a method to
combine global features with locally-guided features via a multi-head self-attention mod-
ule. They implemented their approach by applying two identical networks for vision and
text and optimized them simultaneously in a Multiple Instance Learning (MIL) framework.
Thomas et al. [136] in a similar network proposed a novel within-modality loss function
that drives feature representation toward more coherence. Their approach assures that not
only paired images and text are close, but also image-image and text-text relationships are
preserved. The majority of these methods are based on the assumption that vision and
text are distinct and equally important modalities. However, grounding the representation
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of each modality derived from the other at a finer level of detail is crucial for bridging the
gap between vision and text. Lee et al. [89] was among the first studies that investigated
the use of cross-attention to explore full latent matching using image regions and words in
the text as context.

Furthermore, Chen et al. in IMRAM paper [34] presented an iterative alignment
method that progressively captures fine-grained correspondence between image and text
using a cross-attention module. They claimed that a memory unit could assist the model
in refining the feature representation from early steps to later ones, which helped them
to achieve impressive results. With the development of Transformer models, advanced
approaches have been proposed for cross-modality retrieval tasks using Transformers [99],
[134]. In [99], the authors drew inspiration from BERT’s [50] success in language modelling
and proposed a novel network architecture. This architecture comprises two single-modal
Transformer networks applied to input images and text data, respectively. These single-
modal Transformers are then followed by a cross-modal Transformer, facilitating informa-
tion exchange between modalities by enabling the network to attend to the other modality.
This design enables the network to leverage both image and text information effectively,
resulting in a powerful cross-modal representation learning framework.

There is another line of research that has tried to encapsulate image-text retrieval
into graph Convolution networks [145], [51]. Diao et al. [51] employed a similarity graph
reasoning network to infer relation-aware similarities with both the local and global align-
ments. Then they applied attention filtration to integrate these alignments effectively by
selectively attending to the significant and representative alignments.

Recent studies have demonstrated that training on large-scale datasets can significantly
improve the performance of the models in image-text retrieval tasks [91], [116], [77]. Jia et
al. in ALIGN paper [77] leveraged a dataset comprising over one billion paired images and
alt-text data, asserting that a straightforward dual-encoder network could effectively align
image and text representations using a contrastive loss function. Similar to the ALIGN
method, Xiujun et al. in Oscar paper [91] gathered a dataset of over 6.5 million paired
images and texts to train their network. Authors in Oscar’s paper suggested utilizing the
output of an object detector network as anchor points to align image regions with word
embedding vectors. Another example of boosting the performance using a large amount of
data can be CLIP [116] paper. Authors in the CLIP paper also demonstrated that the task
of image-text retrieval could be outperformed using a massive dataset, 400 million in this
case, and proper networks, GPT-3 [28] for the text encoder, and ResNet-50 [69] for the im-
age encoder. However, a bottleneck of these kinds of large-dataset-dependent approaches
is with those domains which are unlikely to be included in their collected dataset, such as
the histopathology domain. Moreover, training on that amount of data requires huge com-
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putational resources. Some other papers focused on the importance of the relation between
image and text pairs and proposed a novel approach to prioritize loosely aligned samples in
cross-modal retrieval tasks [137]. Unlike prior methods, authors claim that their approach
estimates the semantic similarity in separate channels and uses image-text pair weights
to focus on diverse or discrepant neighbourhoods that help them demonstrate significant
performance gains. Recently, researchers have explored the potential of Vision-Language-
Pre-Training (VLP) for aligning images and text. These approaches showed promising
capabilities for a wide range of cross-modal learning tasks [162], [144], [161]. In the PTP
paper [144], the authors applied a novel Position-guided Text Prompt (PTP) paradigm to
enhance the visual grounding ability of cross-modal models trained with VLP. The pro-
posed approach divides the image into blocks and reformulates the visual grounding task
into a fill-in-the-blank problem given a PTP, improving the visual grounding capability of
VLP models. Another paper in this direction is X-VLM [162]. Authors introduced a new
method called X-VLM for multi-grained vision language pre-training that can learn rela-
tions among multiple objects by locating visual concepts in the image given the associated
texts and aligning the texts with the visual concepts in multi-granularity.

2.4 Cross-Modality Retrieval in Histopathology

The digitization of tissue glass slides has recently become more common in pathology prac-
tice [46]. The expedited adoption of digital pathology over the last decade has resulted in
the introduction of ML methods for analyzing WSIs [105]. The applications of ML in dig-
ital pathology include reducing pathologists’ workloads and optimizing disease treatment
methods [105]. The computer analysis of WSIs presents a number of difficulties due to
the size and complexity of images. These obstacles need research into more efficient meth-
ods of WSI analysis. One approach that can be applied to facilitate the process of WSI
analysis can be image-text retrieval. Nevertheless, the lack of large datasets that include
descriptions for WSIs is evident. Moreover, most of the available datasets in the pathology
domain consist of descriptions for the entire WSI and not for individual patches [3]. The
size of WSIs in histopathology can easily exceed 10,000 pixels which can be challenging
to process. As a result, patch-based methods can be a good alternative. However, a well-
structured dataset containing WSI patches and corresponding descriptions is necessary.
These issues make cross-modality retrieval in histopathology became more challenging.

The cross-modality retrieval tasks are new to this field. There are not many studies
that explore retrieving a description correspondence to an image or vice versa. As a result,
a few works were trying to retrieve or utilize image-text modalities in their suggested meth-
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ods. Zhang et al. [167] was among the first authors ƒwho proposed a model and dataset
for image-text in pathology. The authors proposed a new framework, namely MDNet, to
establish a direct multimodal mapping between images and diagnostic reports. To be able
to perform that, they implemented a novel residual network and attention mechanism in
the proposed method. Moreover, they developed a private patch-based dataset based on
pathology bladder cancer images. The created dataset includes 1,000 hematoxylin and
eosin (H&E) stained patches that are extracted from WSIs at 20x magnification level. For
descriptions, they asked pathologists to write five short sentences for each patch. Thus,
they created a dataset that consists of 5 ground-truth per image in total. The proposed
method is capable of generating short diagnostic reports and retrieving images based on
symptom descriptions. Yet the developed dataset was too small, private and limited to
only H&E images. Recently, Gamper et al. [59] developed a new publicly available dataset,
ARCH, that contains more than 7,000 patch-based images with the corresponding cap-
tions. The authors of the paper used PubMed medical articles [9] and academic pathology
textbooks to collect the ARCH dataset. They selected all PubMed journals that contain
keywords like “pathology”, “histopathology” or “histology”. Then they extracted figures
and corresponding descriptions from selected journals. Moreover, they extracted figures
and captions from 10 pathology textbooks to add more data to their dataset. As a result,
they managed to collect 11,816 bags and 15,164 images in total2. Moreover, they reported
that a pre-trained model on image text learns better representations for most Computa-
tional Pathology (CP) tasks and performed some experiments in different tasks to prove
their observations. Some other studies, including [142], tried to tackle the caption genera-
tion tasks in the field of pathology. These researchers established a dataset that comprises
matched sets of patches and corresponding reports. They fed the condensed feature maps
obtained from these patches incrementally into a RNN model, demonstrating an innovative
approach to this complex task. In light of recent advancements in Larg Language Model
(LLM)s and visual-language foundation models, researchers have sought to apply these
methodologies to the medical domain.

One such approach is CONCH [101], a study in which the authors amassed a collection
of over 1.1 million histopathology image-caption pairs from publicly available articles on
PubMed. Utilizing a combination of Transformers within their network for vision, text, and
multimodal decoding, they demonstrated some results across diverse downstream tasks.
However one has to be skeptical whenever medical data are scraped from the Internet.
The concept of “Garbage In, Garage Out” in computer science teaches us that such models
may be solely a very limited toy project. In a similar vein, the authors of the BioMedCLIP

2There is a disparity between the number of samples within the paper and the dataset available for
download. Based on the available dataset, they only have around 7,000 pairs of images and captions
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paper [165] introduced an approach based on the same concept. Their work involved
the collection of an astounding 15 million image-text pairs extracted from over 4.4 million
publicly accessible full-text articles related to the medical field. Adapting the CLIP method
[116] for the biomedical domain, they exhibited its performance in an array of downstream
tasks, including cross-modal retrieval tasks. These recent studies showcase some potential
of leveraging LLMs and visual-language foundation models within the realm of medical
research. However, skepticism prevails in the face of scarping data from the Internet.

An innovative methodology that belongs to the category of local feature-matching tech-
niques is introduced in this research. The quality of image embeddings is amplified by the
proposed method, utilizing SSL, a strategy found to be particularly beneficial in scenarios
dealing with smaller datasets, which are typical in fields such as pathology and medical
imaging.

While the proposed approach is conceptually akin to previous techniques, including
those presented by [34], [79], it distinguishes itself by the utilization of SSL and a composite
of self and cross-attention modules and its novel architecture including loss function. The
encapsulation of the most meaningful feature representations before they are fed into the
similarity measurement module is the primary objective of this unique design.

By leveraging SSL for cross-modal retrieval tasks, the proposed methodology highlights
the possibility of marked enhancements in the precision of these tasks. Achieving this lays
the groundwork for a fresh and potentially influential method to forward the domain of
machine learning in areas like pathology where data resources might be scarce.
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Chapter 3

Cross-Modal Retrieval

3.1 Introduction

As stated in Chapter 1, the primary objective of this dissertation is to develop a novel
methodology for image-text cross-modal retrieval that efficiently captures the inherent
relationships between images and their corresponding text. This methodology utilizes an
iterative regime to refine the latent embeddings, leveraging the most significant attributes
of both modalities in their respective contexts. This study’s aim is to enhance the attention
mechanisms of the model in such a way that the important components of the data are
not only identified but also the representation gap between image and text modalities is
bridged, ultimately resulting in more accurate and efficient retrieval results. The model’s
framework is demonstrated in Figure 3.1.

The proposed model includes different components. LILE, a dual attention network
using Transformers, takes images and texts as inputs and extracts feature representations
for each of those using Transformers. The details of this step are described in Section
3.2. The proposed self-attention module [143], which is applied for extracting the most
significant parts of each modality with respect to itself, is elaborated in Section 3.3. Then,
the cross-attention module and memory block, which help the model to refine the repre-
sentation of each instance with respect to the outputs of attention modules, are described
in Section 3.7. Additionally, the iterative matching scheme that makes use of the memory
block to assist the model in refining the extracted feature representation is illustrated in
Section 3.5. Finally, section 3.6 explains the proposed loss function in detail.

The proposed methodology encompasses several key components that work collectively
towards accomplishing the described objectives. The forthcoming sections will delve into
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the intricate aspects of these components, providing a comprehensive understanding of
their design and functionality.

Firstly, the LILE architecture is introduced. The LILE architecture is a dual-attention
network that leverages Transformer architectures. This architecture is designed to handle
both image and text inputs, extracting feature representations using Transformers. A de-
tailed explanation of this step can be found in Section 3.2. Following the discussion on
LILE, the self-attention module in Section 3.3 is elaborated. This module, inspired by
Vaswani et al. [143], plays a crucial role in identifying and extracting the most significant
parts of each modality in relation to itself. A thorough understanding of this self-attention
mechanism is acquired, providing insights into the methodologies employed to tackle the
challenge of aligning representations across various modalities. Section 3.7 offers a compre-
hensive overview of the cross-attention module and the memory block. These components
are designed to aid the model in refining each instance’s representation with reference to
the outputs of the self-attention and cross-attention modules. The integration of these fea-
tures in the methodology demonstrates a unique approach to bridging the representation
gap between images and text. The iterative matching scheme that has been applied in the
model is then discussed in Section 3.5. This scheme employs the memory block to assist the
model in progressively refining the extracted feature representation. This iterative process
is crucial to the methodology as it enables the model to capture higher-level features based
on those learned in previous steps. Lastly, Section 3.6 provides an in-depth explanation of
the proposed loss function. This loss function is meticulously designed to align with the
objectives of this study, providing a coherent means of evaluating and driving the learning
of the model. The distinct features of the proposed method compared to the IMRAM
approach [34] include the incorporation of self-attention modules to highlight key features
within each modality, and an additional loss term to enhance model robustness in represen-
tation. Furthermore, the memory block was refined and integrated an attention module,
further ensuring network consistency — another innovation over the IMRAM paper [34].
By combining these elements, the suggested method seeks to set a new standard (SOTA)
for image-text cross-modal retrieval tasks.

3.2 Feature Representation

Data representation, also known as representation learning, plays a crucial role in ML
algorithms as it enables models to automatically discover meaningful representations from
the given data [24]. Effective data representation is essential for capturing the underlying
structure and patterns in the data, leading to improved performance and generalization.

27



Vision Transformer

Text Transformer

P

Multi Head 

Self Attention

Multi Head 

Self Attention

mL

Similarity
Measurement

Gated Memory

m

Similarity
Measurement

m

Vision

Text

Similarity Matrix

Image to Text+

Similarity Matrix

Text to Image

Cross Attention

Figure 3.1: The architecture of LILE for image-text data is shown. It comprises feature
extractors dedicated to each modality, with a vision transformer for images and a text
transformer for texts. These feature extractors are followed by two networks with identical
architecture, facilitating the integration of information from both modalities.

In recent years, deep models have demonstrated their capability to extract intricate
and high-dimensional features from the data, surpassing the performance of traditional
feature extractors [109], [41]. One notable class of deep models is the Transformer-based
models, which have shown remarkable success in various NLP downstream tasks [50], [96],
[87], [117]. The exceptional performance of Transformers in NLP has sparked interest in
adapting these models for CV tasks as well [54], [139], [97], [108], [53], [153], [140].

Recent studies have explored the use of different types of Transformer models for vision
tasks and have shown their effectiveness in capturing and representing visual information
[95], [35]. The versatile and modular architecture of Transformer models enables them to
process various modalities, including images, videos, text, and audio, by leveraging similar
processing blocks. This flexibility allows for an efficient adaptation of Transformer models
to different domains and tasks. Additionally, Transformers can scale effectively to handle
large capacity networks for complex tasks and perform well with massive datasets.

This study adopts the Transformer architecture for extracting features from both image
and text data. Transformers are particularly well-suited for processing text due to their
inherent design, which enables them to capture long-range dependencies and contextual
information. Additionally, the modular nature of Transformers and their ability to per-
form parallel processing makes them highly effective in handling the complex and diverse
visual information present in images. By utilizing Transformers for text and image feature
extraction, this study aims to leverage their powerful representation learning capabilities
and exploit their capacity to capture intricate visual and textual relationships.
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3.2.1 Image Representation

As noted earlier in this section, Transformers have been extensively used for feature ex-
traction in tasks such as image representation. In this study, the input images are encoded
using a pre-trained ViT [54]. The images are divided into a sequence of fixed-size, non-
overlapping patches, and each patch is fed into the ViT to obtain a feature representation.
The resulting tensor, representing the last hidden state of the ViT model for the given
input, is used as the feature representation for the query images. Importantly, the length
of the sequence remains constant across all layers, and the second dimension of the last
hidden state corresponds to the number of patches in the input images.

Another approach for extracting visual information from images is the utilization of
object detection models. These models are trained to identify and localize objects within
an image, enabling the representation of the input image as a set of feature maps extracted
for each object [89, 34]. This approach acknowledges the cognitive ability of humans to
rapidly interpret a scene by focusing on regions containing objects rather than processing
the entire image [76].

The choice between these approaches depends on the specific dataset and the availability
of annotations for the object detection task. In the case of the histopathology domain and
datasets like ARCH [59], where obtaining features for individual objects is challenging,
the images are divided into fixed-size patches, as illustrated in Figure 3.2, and fed into the
Transformer. Each image patch is represented by a d-dimensional feature vector denoted as
V =

{
vi|i = 1, 2, · · · , p, vi ∈ Rd

}
, where p represents the number of patches in each image.

For general-purpose datasets such as MS-COCO [93] and Flickr30k [158], where object
annotations are available, a pre-trained Faster R-CNN model [121] is employed to extract
36 region features for each image [15]. In this case, 36 object features are fed into the
network, while the output shape remains the same. While alternative feature extraction
models like ResNet [69] or DenseNet [71] are viable, the experiments indicate that ViT
is the preferred choice. The selection of ViT as the image feature extractor in this study
aims to ensure consistency with the other components of the network.

3.2.2 Text Representation

Text representation is a fundamental aspect of NLP tasks, serving as a method to trans-
late human-readable sentences into machine-interpretable vectors. The recent advent of
transformer models has significantly advanced the field, consistently outperforming prior
methods across a broad array of NLP tasks [96], [117], [12].
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Figure 3.2: Overview of the ViT architecture: The input image is divided into a set of
fixed-size patches, and each patch is linearly embedded. The total number of patches is
denoted as P .

In this study, the power of the pre-trained ”Roberta” architecture [96], a transformer-
based model, is harnessed to encode textual input data. This model takes in a text de-
scription and outputs a feature map that embodies the semantic content of the input. The
resulting text feature maps are dimensioned as (bs, seq, h), where h is the feature map
dimension, seq denotes the number of tokens derived from the text, and bs stands for the
batch size.

As illustrated in Figure 3.3, the Roberta model comprises two distinct stages. The first
stage involves tokenizing the text data and transforming it into an embedding vector. To
accomplish this, Roberta employs the WordPiece embedding [157] to tokenize the input
text and map these tokens to their corresponding embeddings. Thus, for a text T consisting
of seq tokens (in WordPiece embedding, a word not found in the vocabulary is subdivided
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into multiple tokens), each token is embedded as a vector of size e, yielding an input size
of (bs, seq, e).

The second stage involves feeding these embeddings into an encoder, which returns a
sophisticated representation for each token in the context of all other tokens. Hence, a text
representation is obtained for the text data T , designated as S = sj|j = 1, . . . , s, sj ∈ Rd.
Here, each sj encapsulates the information of each token in relation to the other tokens
within the text data. Crucially, each sj shares the same representation dimensions as vi
as discussed in section 4.2.1. This uniformity of representation dimensions facilitates the
effective integration of visual and textual data in subsequent processing stages.

3.3 Multi-Head Self-Attention

Once the feature representations have been extracted for each instance within the modal-
ities, a multi-head self-attention module is introduced to obtain m enhanced feature maps
for extracted features from the previous stage. These m representations are achieved by
selectively concentrating on the most pertinent pieces of information from each modality,
thereby enabling the extraction of more nuanced and meaningful feature maps. The core
of this module consists of a two-layer fully connected network as initially proposed in [131].

Given the input representation, denoted as Ψ(x) ∈ Rseq×d, the self-attention module
generates m output attention feature maps, termed αself-attention ∈ Rm×Seq. The calculation
for these attention maps is defined as

αself-attention = softmax(w2 × tanh(w1(ψ(x))T )), (3.1)

In this equation, w1 and w2 are learnable parameters. These parameters are opti-
mized during the training process to maximize the effectiveness of the attention maps in
highlighting the most salient features of the input data.

Having generated the attention maps, these are then applied to the extracted features
to yield the attention output, defined as X ∈ Rm×d. The attention output is computed as

X = σ((αself-attentionψ(x))w3 + b3), (3.2)

In this equation, w3 and b3 denote additional learnable parameters, while σ represents
the sigmoid activation function applied to the output. This function introduces non-
linearity into the model, enhancing its capability to learn complex patterns within the
data.
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Figure 3.3: The Roberta architecture leverages tokenization to break down the input text
data into individual tokens and assigns each token its corresponding embedding vector,
denoted as E. The resulting embedding vectors are then passed through the encoding
part of the model. The encoder is comprised of a stack of Transformer encoder blocks,
with each block consisting of a self-attention module followed by a feed-forward layer. It
is important to note that in this figure, only two encoder blocks are depicted, representing
a subset of the complete encoder stack.

Through the implementation of this multi-head self-attention module, the model is
empowered to focus on different facets of the input data, thereby capturing the intricate
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relationships that exist between the features within each modality. By iteratively learning
the attention weights, the module is able to emphasize the most significant information from
the input, resulting in the generation of feature maps that are richer, more informative,
and more discriminatory. These enhanced feature maps subsequently feed into the later
stages of the model, providing a more solid foundation for the recognition of relationships
between images and text.

3.4 Cross-Attention and Memory Block

Cross-modality retrieval presents a unique challenge in that the isolated examination of
each modality may not yield sufficient insight into the task at hand. For effective mapping,
the information from one modality must be integrated with that of the other. To tackle
this issue, a cross-attention mechanism is incorporated, allowing for selective attention
to distinct elements within one modality, influenced by the context derived from another
[131], [72], [89].

The specific application of the cross-attention mechanism in the proposed approach is
to attend to certain regions within the image, guided by the tokens present in the text
input, and vice versa. The goal is to identify the relevant information in one modality
that corresponds to the context provided by the other. This allows for a more nuanced
understanding of the relationships between the modalities, leading to the creation of a
more robust model.

The memory block functions in tandem with the cross-attention mechanism, aiming
to refine the features extracted from each modality by incorporating information from
the cross-attention feature maps [34]. This block serves as an enhancement to the cross-
attention mechanism, further emphasizing the significant information in one modality that
is relevant to the other.

The input modalities are represented as X = {xi|i ∈ [1,m], xi ∈ Rd} and Y = {yi|i ∈
[1,m], yi ∈ Rd}, where X and Y can denote either image or text features. Here, m signifies
the number of attention heads present in the multi-head self-attention module from the
preceding step.

The cross-attention module plays a critical role in highlighting the information in
modality X that is relevant to modality Y . Achieving this goal necessitates an appro-
priate measure to quantify the similarity between each feature map in one modality and
the corresponding feature maps in the other modality. This measure forms a cornerstone
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of the cross-attention mechanism, ensuring that the attention is properly focused on the
most relevant aspects of the data.

The proposed solution leverages the concept of cosine similarity, a common measure
extensively utilized in the field to assess the similarity between distinct feature maps [76],
[34], [131], [77], [89]. Cosine similarity provides an effective means of quantifying the degree
of similarity between vectors and is especially suited for high-dimensional spaces like those
encountered in the context of feature maps.

In the application of the proposed solution, cosine similarity is used to ascertain the
similarity between each instance in modalities X and Y , as expressed in the equation:

sij =
xTi yj

||xi|| × ||yj||
, ∀i ∈ [1,m], ∀j ∈ [1,m] (3.3)

Here, sij denotes the similarity between the i-th feature map for modality X and the
j-th feature map for modality Y . This operation serves as a core element in the cross-
attention mechanism, as it establishes the correlation between the feature maps across the
two modalities.

Furthermore, it is advantageous to apply a threshold operation to the similarity measure
and then normalize it, as it helps eliminate the influence of negative similarity scores and
ensures the magnitudes of the similarity scores remain within a manageable range [80],
[89]. This operation is captured in the following equation:

s̄ij =
max(0, sij)√∑m
i=1 max(sij)2

. (3.4)

By using this normalization operation, the similarity scores are effectively scaled, which
can assist in improving the stability of the learning process and potentially enhance the
performance of the model.

In order to facilitate attention on the set Y , considering a given feature xi in X, a
weighted combination of yj is defined. The attention function depicted in Eq. 3.4 and 3.6
represents a variation of the commonly employed “dot product attention”, as detailed in
numerous studies [103]:

axi =
m∑
j=1

αijyj, (3.5)
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where

αij =
exp(λs̄ij)∑m
j=1 exp(λs̄ij)

. (3.6)

In Eq. 3.6, λ is the inverse temperature parameter of the softmax function [44]. This
parameter allows for tuning the smoothness of the attention function, thereby providing a
degree of control over the model’s attention distribution.

Ax is then defined as {axi ∈ [1,m], axi ∈ Rd}, where each element of Ax is encapsulated
by the significant parts of each xi considering the entirety of the set Y as context.

In order to further refine the extracted features of X in accordance with the salient
parts of each xi given Y , a memory unit is employed. This unit dynamically updates and
refines the feature maps of X by examining both Ax and X:

x∗ = f(xi, a
x
i ), (3.7)

where f(·) can be defined in various ways [78], [152], [143], [29]. In this study, a
cross-attention module for f(·) is adopted. As mentioned earlier, axi represents the cross-
attention output, highlighting the most relevant aspects of one modality in relation to the
other. Meanwhile, xi denotes the extracted features of that modality.

x∗ = Self-Attention(Concat[xi, a
x
i ]) (3.8)

Here, the self-attention module serves as a gate to select the most pertinent features
between the concatenated information in xi and axi . The implementation of a self-attention
module in tandem with a memory not only allows the refinement of feature representations
but also implicitly incorporates the intra-modality relationships between modalities X and
Y . This comprehensive approach ensures the model is aware of the context of each modality,
thereby enhancing the performance of cross-modal retrieval.

3.5 Iterative Matching Strategy

As previously elaborated in section 3.4, memory plays a pivotal role in assisting the model
to refine the feature representation, taking into account the shared information between two
modalities. Employing memory within an iterative scheme can offer substantial benefits.
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Each iterative step facilitates the recalibration of the X feature representation using the
Ax feature map. This iterative procedure can be encapsulated as per Eq. 3.9, where k
signifies the iteration step which refines the alignment for the subsequent iteration:

X∗
k = Memory(Xk−1, A

x). (3.9)

For each iteration step k, the similarity score between an image (I) and text (T) is
computed as follows:

Sk(I, T ) = α(
1

m

m∑
i=1

S
(v,v−→T )
k (vi, T ) +

1

m

m∑
i=1

S
(w,w−→I)
k (I, wi))+

(1− α)(
1

m

m∑
i=1

S
(v,T )
k (vi, T ) +

1

m

m∑
i=1

S
(w,I)
k (I, wi))

(3.10)

In the equation above, α is a scalar weight parameter that moderates the influence
of the similarity score components. S(v,v−→T )(vi, T ) and S(w,w−→I)(I, wi) are defined as
the similarity score between image regions and text T , and text tokens and image I,
respectively. These similarity scores are calculated as

S
(v,v−→T )
k (vi, T ) = cosine similarity(vi, A

v
k),

S
(w,w−→I)
k (I, wi) = cosine similarity(At

k, wi).
(3.11)

Further enhancements in the similarity score can be achieved by incorporating S(v,T )(vi, T )
and S(w,I)(I, wi). These two terms are expressed in

S
(v,T )
k (vi, T ) = cosine similarity(vi, T ),

S
(w,I)
k (I, wi) = cosine similarity(I, wi).

(3.12)

This inclusion allows the model to maintain the semantic meaning of each instance while
concurrently striving to minimize the distance between paired instances. To consolidate
all k steps, the final similarity score between image I and text T is derived as
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S(I, T ) =
K∑
k=1

Sk(I, T ). (3.13)

Here k is the number of matching steps that will be set as a hyper-parameter.

3.6 Employment of the Triplet-Loss Function

The triplet-loss function is employed, aiming to draw paired image-text data closer within
the shared space while distancing them from unpaired data. This strategy has been widely
recognized and applied in image-text matching domains, with numerous studies demon-
strating its effectiveness [79], [85], [129], [57]. In the proposed methodology, the N-pairs
bi-directional triplet-loss is incorporated, as depicted in Eq. 3.13. The principle of N-pairs
loss [130], which advocates for the consideration of all negative samples within a mini-
batch, rather than using a single hard negative sample [76], [89], [34], is utilized. The
operation of the N-pairs triplet-loss function is visually represented in Figure 3.4.

The total loss is calculated as follows:

LNP =
∑

yj∈mini−batch,j ̸=i

L(Ii, Ij, Ti, Tj), (3.14)

(3.15)

In this equation, L is derived from:

L = [∆− S(Ii, Ti) + S(Ii, Tj)]+ + [∆− S(Ii, Ti) + S(Ij, Ti)]+. (3.16)

In Eq. 3.16, ∆ is denoted as a margin value, and [x]+ = max(0, x). S(I, T ), defined
by Eq. 3.13, measures the similarity between an image I and a text T . This similarity
score constructs a symmetric, square similarity score matrix S of size n × n. During the
training phase, n is defined as the size of the mini-batch. The similarity matrix’s structure
is demonstrated in Figure 3.5. Paired instances, images, and text with the same subscript
are represented on the matrix diagonal, which should possess the highest values compared
to other indices. An end-to-end training process is conducted, utilizing an optimizer, such
as Adam [84].
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Deep Network


S3: children wait at the table for their meal.

S1: a small dog is under a white sheet.

S2: this is a cat on a chair with a hat.

S4: a little dog is playing with its toy.

Figure 3.4: Representation of the N-pairs triplet-loss function. The arrows denote the
enforced push and pull actions of the loss function. Pull connections are indicated in
green, while push connections are marked in red.

3.7 Empirical Evaluation and Result Analysis

This chapter is dedicated to discussing the quantitative and qualitative findings from
the cross-modality retrieval experiments conducted on various datasets. The benchmark
datasets utilized in the experiments are elaborated upon in Section 3.8. Section 3.9 details
the implementation strategies employed in evaluating the model. Lastly, Section 3.9.1 dis-
cusses the comparative study of the proposed method against other cross-modality retrieval
techniques, with an emphasis on the superiority of the suggested approach.

38



A small dog is

under a white sheet.

LILE

Figure 3.5: Depiction of the similarity matrix for a mini-batch with a size of n. The element
Ii.T.j in the matrix reveals the similarity score between the image Ii and the text Tj. Since
the paired data have the same subscript, the similarity matrix is inherently diagonal.

3.8 Benchmark Datasets and Evaluation Criteria

3.8.1 Benchmark Datasets

To validate the efficiency of the proposed method, two widely recognized benchmark
datasets were employed in the study. They include:

1. MS-COCO [93]: This is a comprehensive, all-purpose dataset that includes 123,287
images along with their corresponding descriptions. Each image in the dataset is sup-
plemented with five textual descriptions. The dataset is partitioned as follows: 113,287
images form the training set, while 5,000 images each comprise the validation and test
sets. This partitioning is consistent with the methodologies adopted in previous studies
[79], [89], [57]. The performance assessment was carried out by averaging the results
obtained over five sets of 1,000 test images and by testing the entire set of 5,000 test
images, following the procedures outlined in [89],[34].

2. ARCH [59]: Serving as a critical dataset for CP, ARCH is a multiple-instance caption-
ing collection that extensively covers a broad spectrum of tissue types and staining. This
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Papillary intralymphatic angioendothelioma. 
This is a dermal or subcutaneous lesion of children 
or adults, with intravascular growth of cells that
have a lymphatic endothelial immunophenotype. 
Some have adjacent lymphangiomas or clusters of 
lymphatic vessels.The earlier terminology was 
malignant endovascular papillary angioendothelioma 
of childhood , but in a more recent series, reported 
cases did not recur or metastasize

High PR expression (3+) in a leiomyoma,(PR
x400)

Cortex in a renal biopsy specimen from a man of
38 known to have membranous nephropathy, shown
by a biopsy nearly 2 years before this one.
The nephrotic syndrome had persisted since the
first biopsy, and acute renal failure had 
developed 1 month before this biopsy. There is
now widespread uniform tubular atrophy, which 
suggests longstanding renal vein thrombosis. 
This was confirmed by radiologic investigation. 
Renal function did not recover

Figure 3.6: A selection of three diverse samples from the ARCH dataset. These im-
ages reflect the dataset’s broad range of staining techniques and normalization processes.
Alongside each image, its associated description showcases the varied structure and depth
of narrative detail that characterizes the dataset. This diversity not only speaks to the
robustness of the dataset but also highlights the complexity of the task at hand - aligning
visual and textual modalities that span a wide array of contexts and styles.

dataset is enriched with detailed morphological descriptions and diagnoses, providing a
comprehensive outlook on the subject matter. Figure 3.6 offers a glimpse of the sample
data contained in the ARCH dataset. The images and their corresponding annotations
in this dataset were meticulously sourced from an array of PubMed medical articles
and authoritative pathology textbooks. Comprising 7,579 images, each accompanied
by a descriptive annotation, the ARCH dataset presents a substantial amount of data
for deep analysis. In the context of the experiments conducted for this study, a 5-fold
cross-validation method was employed to ensure a rigorous evaluation of the model’s
performance on this dataset.

3.8.2 Evaluation Metric

The effectiveness of the proposed method is evaluated using the Recall at K (R@K) metric,
a standard measure widely employed in the realm of information retrieval [34, 89, 113, 102].
This metric quantifies the proportion of queries that are correctly retrieved within the top
K search results, providing a measure of the model’s precision and relevance.

For the task at hand, the R@k metric is applied to both directions of cross-modal re-
trieval: text-to-image and image-to-text. Specifically, the model is assessed on its ability to
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retrieve relevant images given a textual query (Text-to-Image), and conversely, to identify
pertinent textual descriptions in response to an image input (Image-to-Text).

A comprehensive evaluation is undertaken using three different thresholds for K: R@1,
R@5, and R@10. This approach ensures the model’s performance is analyzed in terms
of its ability to retrieve the correct match at varying levels of precision. Additionally,
to provide a broader perspective on the model’s overall efficiency, a cumulative measure
termed “R@sum” is also reported. This metric, as employed in prior studies [72], is the
sum of the recall rates at the different K thresholds, i.e., R@1+R@5+R@10. Thus, the
“R@sum” provides a holistic performance view across multiple levels of precision.

3.9 Implementation Details

The execution of the experiments employing the ARCH dataset utilized the DeiT (Data-
efficient Image Transformers) architecture [139] as the primary image encoder. This ar-
chitecture, comprising 12 layers and 768 hidden states, decomposes the input image into
patches of 16 × 16. As a result, each processed image effectively translates into a grid of
196 patches, each with dimensions 16× 16.

Prior to its integration into the main model, the DeiT-based image encoder was in-
dividually trained for a classification task using the dataset featured in the “KimiaNet”
paper [122]. This preliminary training phase facilitated the initialization of the weights for
the image encoder in the subsequent stages of the main experiment. Due to the limited
size of the dataset, only the final two blocks of the image encoder were set as trainable,
while the remaining sections of the network were frozen to prevent over-fitting [149].

For the text encoder, the weights were initialized using the BioMed-RoBERTa model
[66]. This model, trained on a vast corpus of 2.68 million scientific papers from the Semantic
Scholar database [10], is a language model predicated on the RoBERTa-base architecture
[96]. It comprises 12 layers, 768 hidden dimensions, and accommodates 110M parameters.
Mirroring the approach taken with the image encoder, only the last two layers of the text
encoder were designated as trainable, with the rest of the network frozen.

The ARCH dataset presented a unique challenge due to the variability in the lengths
of the descriptions accompanying the images, as depicted in Figure 3.7. These descriptions
ranged significantly in length, from as few as 2 tokens to as many as 484 tokens. This
non-uniformity, coupled with the fact that the descriptions were generally longer than
those in the MS-COCO dataset, necessitated a tailored solution. To address these issues,
each description was segmented into individual sentences. Subsequently, new descriptions
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Figure 3.7: (a) Frequency distribution of the token lengths in the descriptions of the
ARCH dataset, showcasing the variability in text lengths. (b) Frequency distribution of
the caption lengths in the MS-COCO dataset, highlighting the range of text lengths. The
MS-COCO dataset exhibits an average of 13.81 tokens per caption, with a maximum of 65
tokens, while the ARCH dataset demonstrates an average of 51.49 tokens per description,
with a maximum of 484 tokens. These statistics emphasize the substantial differences in
text length between the two datasets.

were generated by concatenating the first sentence with every subsequent sentence. This
approach effectively enabled each image to be associated with multiple descriptions, thereby
augmenting the dataset and promoting a more uniform distribution of description lengths.

For the experiments utilizing the MS-COCO dataset, the same architectures were im-
plemented for the image and text encoders as those employed in the ARCH dataset ex-
periments. However, certain modifications were made concerning the weight initialization
process and the number of trainable layers.

The weights for the image encoder were initialized from a model pre-trained on the
ImageNet-1k dataset [49], a comprehensive dataset comprising one million images catego-
rized into 1,000 classes. The input data for the image encoder was the feature maps that
had been extracted using the Faster R-CNN algorithm, as detailed in section 4.2.1. In this
case, the last six layers of the image encoder were rendered trainable, with the remaining
layers set as frozen. For the text encoder, the weights were initialized from a pre-trained
Roberta-base network, which was trained on a comprehensive compilation of five general
datasets1. Similar to the image encoder, the final six layers of the text encoder were set to

1This includes BookCorpus [6], which comprises 11,038 unpublished books; English Wikipedia [1]; CC-
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be trainable, while the rest were frozen.

The experiments were conducted using the PyTorch V1.3 framework, with computa-
tions facilitated by two NVIDIA V100 GPUs. Prior to their introduction into the model,
images were resized to 224 × 224 pixels and normalized. The hyper-parameter m, which
denotes the number of self-attention heads, was optimally set at 16 for all experiments.
The best performance was achieved by setting α to 0.8 in the loss function during the
experiments.

The model was trained using the Adam optimizer [84] with an initial learning rate of
1e− 4. In order to optimize model performance, the learning rate was adjusted downward
whenever the evaluation metric ceased to improve. This dynamic approach to learning rate
adjustment ensured that the model continually evolved toward optimal performance.

3.9.1 Experiments and Results

The performance of the method introduced in this study, referred to as LILE, is bench-
marked against a selection of leading-edge methods using the two datasets outlined in
Section 3.8. For the ARCH dataset, it is important to note that models that are not
publicly available were excluded from this comparison.

The findings are shown in Tables 3.1 and 3.2 for the MS-COCO and ARCH datasets,
respectively. The results indicate that the proposed deep learning method, LILE, demon-
strates superiority over the preceding top-performing model, IMRAM [34]. The overall
performance of LILE under the R@sum metric surpasses that of IMRAM by a margin of
6.3 and 8.3 in the MS-COCO(1K) and MS-COCO(5K) datasets, respectively.

When examining the recall metrics for text retrieval at differentK values, LILE achieved
a maximal performance improvement of 1.0 and 1.9 for R@1 in the MS-COCO(1K) and
MS-COCO(5K) datasets, respectively. In terms of the image retrieval task, the highest
performance improvements observed were 2.4 for R@1 in both MS-COCO(1K) and MS-
COCO(5K).

Since no results have been previously reported on the ARCH dataset, publicly available
methods such as IMRAM [34], PVSE [131], and CLIP [116] were selected and adapted to
evaluate their performance on this dataset. The proposed framework, LILE, outperformed
the best previous model, IMRAM, by a significant margin of 28.1 in terms of overall
performance under the R@sum metric.

News [7], which includes 63M English news articles; OpenWebText [5], a web text dataset used to train
GPT-2; and Stories, a subset of the CommonCrawl data [8].
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Table 3.1: Comparison with state-of-the-art methods on MS-COCO

Method
Text Retrieval Image Retrieval

R@sum
R@1 R@5 R@10 R@1 R@5 R@10

1K

DPC [168] 65.6 89.8 98.5 47.1 79.9 90.0 467.9
SCO[73] 69.9 92.9 97.5 56.7 87.5 94.8 499.3
SCAN[89] 72.7 94.8 98.4 58.8 88.4 94.8 507.9
PVSE[131] 69.2 91.6 96.6 55.2 86.5 93.7 492.8
VSRN[90] 76.2 94.8 98.2 62.8 89.7 95.1 516.8
IMRAM[34] 76.7 95.6 98.5 61.7 89.1 95.0 516.6

OSCAR (Fine-tuned)[91] 89.8 98.8 99.7 78.2 95.8 98.3 563.6

LILE 77.7 95.4 98.3 64.1 91.0 96.4 522.9

5K

DPC [168] 41.2 70.5 81.1 25.3 53.4 66.4 337.9
SCO[73] 42.8 72.3 83.0 33.1 62.9 75.5 369.6
SCAN[89] 50.4 82.2 90.0 38.6 69.3 80.4 410.9
PVSE[131] 45.2 74.3 84.5 32.4 63.0 75.0 374.4
VSRN[90] 53.0 81.1 89.4 40.5 70.6 81.1 415.7
IMRAM[34] 53.7 83.2 91.0 39.7 69.1 79.8 416.5

ALIGN (Zero-shot)[77] 58.6 83.0 89.7 45.6 69.8 78.6 425.3
ALIGN (Fine-tuned) [77] 77.0 93.5 96.9 59.9 83.3 89.8 500.4
OSCAR (Fine-tuned)[91] 73.5 92.2 96.0 57.5 82.8 89.8 491.8
CLIP[116] 58.4 81.5 88.1 37.8 62.4 72.2 400.4

LILE 55.6 82.4 91.0 41.5 72.1 82.2 424.8

These results are indicative of the efficacy of the proposed approach in handling cross-
modality retrieval tasks, further solidifying its position as a SOTA solution in this domain.
The analysis herein highlights the potential of LILE to shape future progress in the area
of cross-modality retrieval.

The proposed approach, when trained on the MS-COCO dataset, surpasses all alterna-
tive methodologies in terms of prevalent benchmarks in the field, often by a considerable
margin (as detailed in Table 3.1). This underscores that the innovative architecture and
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objectives outlined in this proposal significantly boost the efficacy of the retrieval task.

As discussed in Chapter 2, cross-modal retrieval tasks can gain substantial benefits from
the deployment of voluminous data and robust computational resources. Hence, methods
trained on large-scale datasets (such as CLIP [117], ALIGN [77], and OSCAR [91]) cannot
be directly compared with those trained exclusively on smaller datasets like MS-COCO
(including DPC [168], SCO [73], SCAN [89], PVSE [131], VSRN [90], IMRAM [34], and
LILE). The values associated with methods trained on substantial datasets are reported
primarily to underscore this distinction.

The most analogous comparison to the proposed approach lies with the IMRAM method
[34]. Both methodologies share the concept of applying an iterative matching scheme
through a memory network to refine image and text feature representations. However,
in LILE, feature representations rely on a multi-head self-attention module. This module
enables the model to selectively focus on the most relevant parts of each instance. Fur-
thermore, the additional term incorporated into the loss function provides the model with
a more explicit source of information to align paired image and text instances.

The results obtained from the ARCH dataset demonstrate an even more significant im-
provement compared to the MS-COCO results. One plausible reason for this enhancement
could be the application of a Transformer for encoding the input data. As detailed in Sec-
tion 3.9, a Roberta-based architecture is employed for encoding descriptions. This model,
trained on a large quantity of scientific text, aids in learning a more robust representation
of medical descriptions.

In contrast, IMRAM [34] and PVSE [131] both implement a Gated Recurrent Unit
(GRU) [42] in their networks to encode text data. When descriptions are lengthy, as is
often the case with medical reports and ARCH datasets, their text encoders may struggle
to encode the descriptions appropriately. As mentioned in Chapter 2, when the length
of the input sequence grows excessively long, the ability to retain context information
plummets significantly [56]. Consequently, the application of a Transformer-based model
for the text encoder can significantly enhance the network’s performance.

Furthermore, the analysis of results on the ARCH dataset provides compelling evidence
that methods like CLIP [116], trained on vast datasets, may not perform satisfactorily on
specialized tasks such as image-text retrieval in pathology. This particular type of task
seemingly requires more sophisticated methodologies, such as the framework proposed in
this study.

Exploring the Impact of the Iterative Matching Scheme, K. To gain a more
comprehensive understanding of K’s influence within the proposed methodology, K is
incrementally increased from 1 to 4. The model is subsequently trained and tested on the

45



Table 3.2: Comparison with previous methods on ARCH.

Method
Text Retrieval Image Retrieval

R@sum
R@1 R@5 R@10 R@1 R@5 R@10

PVSE 36.2 48.8 53.3 29.3 43.8 52.6 264.0
IMRAM 40.3 52.5 59.5 32.4 48.2 56.1 289.0
CLIP (Zero-shot) 38.2 51.1 57.0 30.8 46.1 53.2 276.4

LILE 44.8 57.4 64.4 36.7 52.2 61.7 317.1

Table 3.3: The effect of the number of matching steps, K, in MS-COCO dataset.

K
Text Retrieval Image Retrieval

R@sum
R@1 R@5 R@10 R@1 R@5 R@10

1 77.2 96.4 99.0 64.4 92.0 96.6 525.6
2 79.6 97.4 99.7 67.0 92.8 97.2 533.7
3 79.9 97.0 99.0 66.2 92.3 97.3 531.7
4 78.5 96.7 98.8 65.9 92.5 97.4 529.8

MS-COCO (5K) benchmark dataset. Table 3.3 elucidates the results for R@1, R@5, R@10,
and R@sum metrics in both image-to-text retrieval and vice versa.

Upon examining the results, it becomes evident that when K = 2, the model con-
sistently outperforms its counterparts with different K values. The gap in performance
between K = 1 - which serves as a baseline without the iterative scheme - and other K
values is notably significant. This disparity underscores the pivotal role of the iterative
scheme in enhancing the efficacy of the proposed approach.
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Chapter 4

Self-Supervised Learning

4.1 Introduction

As stated in Chapter 1, the primary objective of this thesis is to develop a novel methodol-
ogy for image-text cross-modal retrieval that efficiently captures the inherent relationships
between images and their corresponding text. Additionally, this thesis aims to tackle the
challenge of scarcity in labelled data, particularly in the case of pathology images, through
a SSL approach.

This thesis introduced a novel patching scheme tailored specifically for processing WSI
in histopathology. This scheme is intended to adapt to the intrinsic features of WSIs,
thereby assisting the model in generating more robust and meaningful embeddings for
the visual component. These objectives aim to make a significant contribution to the
field of Artificial Intelligence (AI) by advancing SOTA methods in image-text cross-modal
retrieval, especially in domains with limited availability of large-scale labelled data.

The proposed methodology encompasses several key components that work collectively
toward accomplishing the objectives. The forthcoming sections will delve into the intricate
aspects of these components, providing a comprehensive understanding of their design and
functionality.

The proposed approach relies on the foundation that has been discussed in Chapter
3. The suggested method aims to capture the most salient parts of the image and text
as described in Section 3.2. In this context, a SSL method is applied to have a robust
feature representation for the given image. In Section 4.2.1, a thorough exploration of
the proposed SSL approach and its incorporation into the suggested method are provided.
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Section 3.6 provides an in-depth explanation of the proposed loss function. This loss
function is meticulously designed to align with the objectives of this study, providing a
coherent means of evaluating and driving the learning of the model. By combining these
components, the proposed method aims to advance the SOTA in image-text cross-modal
retrieval tasks for domains with limited access to large-scale (gigapixel) labelled data.

4.2 Feature Representation

Data representation, also known as representation learning, is of paramount importance
in the sphere of ML algorithms. Its significance lies in its ability to empower models to
independently unearth the crucial representations embedded in the supplied data 3.2.

Utilizing SSL methods for feature representation can provide substantial benefits, par-
ticularly when dealing with a scarcity of labelled data [164], [110]. These models have the
capability to learn intricate patterns and meaningful representations directly from the un-
labelled data itself. They achieve this by defining and solving pretext tasks that implicitly
require understanding the structure of the data, thereby learning useful features without
the need for explicit labels.

The resulting representations are not only meaningful but also robust. This strength
stems from the fact that the representations are trained on a larger portion of the avail-
able data, not just the subset that is labelled. This robustness, coupled with expressive
data representation, greatly enhances the ability of models to capture the latent struc-
ture of patterns in the data. Consequently, the performance of the models is bolstered,
and their capacity to generalize across varying contexts is significantly amplified. This
inherent ability to generate insightful features from unlabelled data makes SSL models
an especially potent tool in scenarios where acquiring labelled data is challenging, costly,
or time-consuming [18]. In the domain of medical imaging, obtaining a large amount of
accurately labelled data is commonly considered a significant hurdle.

SSL models are designed to mitigate this problem, leveraging the wealth of unlabelled
data to learn transferable feature representations. Consequently, these models can help to
bridge the gap between the data-rich and data-poor settings, advancing performance in
tasks such as image-text cross-modal retrieval. They do so by training on the unlabeled
data to learn rich feature representations that capture the underlying data distributions.

In this study, the challenge of sparse annotated data is addressed, particularly notice-
able in the visual domain. A SSL approach combined with Transformer architecture is
deployed for the extraction of image features. The unique features of patches in WSIs
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render the fusion of Transformer architecture and an SSL approach remarkably fitting for
extracting meaningful image features. This approach helps capitalize on the vast amount
of unlabelled image data, enabling the extraction of pertinent features while reducing the
dependency on labelled data. Additionally, the implementation of an SSL scheme for the
visual component promotes enhanced generalization to unseen data to generate a more
robust feature representation for the given image.

Contrarily, when it comes to the textual modality, the dearth of labelled data is gener-
ally not a pressing concern. Thus, Transformer architecture, devoid of SSL, is utilized for
the extraction of textual features.

Through the utilization of Transformers’ powerful representation learning capabilities
and the implementation of SSL for image feature extraction, this research aims at capturing
and exploiting the intricate interrelationships between visual and textual information.

4.2.1 Image Representation

The main concept of this study relies on the concept that the model applied a SSL to
extract image features. In this thesis, the concept that has been used in the DINO method
[32] has been modified with a novel patching approach that is specialized for WSIs. The
detail of this patching scheme is elaborated in Section 4.2.2. The DINO framework follows
a similar overall structure to recent self-supervised approaches [31], [40], [37]. However,
the method also utilizes the concept of knowledge distillation. Knowledge distillation is
a learning technique in which a student network, denoted gθs , is trained to imitate the
output of a pre-existing teacher network, denoted gθt [70]. For a given input image x, the
student network with parameters s learns to generate probability distributions, Ps, over
k dimensions. In a similar fashion, the teacher network with parameters t also generates
probability distributions, Pt. These probabilities, denoted by P , are derived by applying
a softmax function to the network’s outputs and normalizing them. More precisely, each
probability distribution can be calculated by Eq. 4.1. In this equation for the student and
teacher networks, different τ will be applied to control the output distribution’s sharpness:

P (i) =
exp(gθ(x)(i))/τ)∑K
k=1 exp(gθ(x)(k)/τ)

, (4.1)

The process of aligning the output distributions of the teacher and student models
plays a crucial role in knowledge transfer and learning. By minimizing the cross-entropy
loss with respect to the parameters of the student network, as indicated in Eq. 4.2, the
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model ensures that the student network learns to match the distributions produced by the
teacher network. This encourages the student network to capture the same patterns and
knowledge as the teacher, effectively transferring the learned information.

Minimizing the cross-entropy loss allows the model to measure the dissimilarity between
the predicted probability distributions of the student network and the actual distributions
from the teacher network. Through back-propagation and gradient descent optimization,
the parameters of the student network are adjusted to reduce this dissimilarity, enabling
the student network to approximate the behaviour of the teacher network. This alignment
of distributions facilitates the transfer of knowledge, as the student network can learn from
the teacher’s expertise and benefit from its learned representations.

This knowledge transfer process has several advantages. First, it helps the student
network to generalize and capture complex patterns and relationships present in the data,
even when the labelled data is limited. By leveraging the knowledge encoded in the teacher
network, the student network can learn from a more comprehensive and diverse set of
examples, leading to improved performance.

Additionally, aligning the output distributions facilitates model regularization. The
student network is encouraged to produce outputs that are more confident and accurate, as
it aims to match the teacher’s distributions. This regularization helps to prevent overfitting
and enhances the generalization ability of the student network.

min
θs
−Pt(x)log(Ps(x)) (4.2)

The integration of knowledge distillation within the DINO framework has been sug-
gested by its authors, involving the creation of various crops from a single input image
[31]. This led to the generation of a set V , which contained multiple views of the input
image. Specifically included within this set are two global views along with several local
views, all produced at lower resolution.

Adapting to the unique requirements of WSI and the patch extraction methods used
in histopathology imaging, this set V has been revised in the proposed methodology. The
original DINO paper recommended using 96x96 patches for local views and 224x224 for
global patches and scaling the patches as needed. However, when extracting patches from a
WSI at a 20x magnification - the most common approach in digital pathology applications
up-sampling or down-sampling of the local or global views could potentially alter the
image’s magnification, thereby introducing inconsistencies within the network.

To address these challenges, a tailored patching solution will be introduced, to seam-
lessly align with the inherent nature of WSI patching techniques. This enhanced approach
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has been termed Harmonized DINO (H-DINO). Figure 4.1 shows the architecture of
this block. More comprehensive details of this refined patching method can be found in
Section 4.2.2.

Teacher

Softmax Softmax

Student

Figure 4.1: Diagram of the H-DINO Architecture: Illustrating both the student and teacher
networks. For the sake of clarity, only one patch per view is represented.

4.2.2 Patching

In alignment with the discussion from the previous section, it is highlighted that the patch-
ing technique proposed is significantly more congruent with the inherent characteristics of
WSIs. The process of patch extraction has been designed to seek similarities within the
neighbouring region of a specific patch instead of looking into that specific patch and finding
local and global crops as proposed in the DINO paper [32].

In pursuit of this extension to DINO, an approach has been adopted where the extrac-
tion of patches is carried out on a scale larger than the final size intended to be inputted
into the network. This is accomplished by enlarging the patch size around the specific
location based on the dataset and patching method. This adjustment to the patching
method is more reliable compared to other augmentations, such as adding noise or blur-
ring the data. Preserving the image’s original integrity and utilizing neighbouring regions
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that share context with the target area aids the model in achieving a more robust represen-
tation, in conjunction with other augmentations. The visualization of this step can be seen
in Figure 4.2. Subsequently, two categories of views – more global and more local – are
extracted from the expanded patch, with each being subjected to its respective set of trans-
formations. The distinction between these views is fundamentally determined by the size
of the cropped region. The cropping range for the more local views is set between 50 and
140, while for the more global views, the cropping size is set between 140 and 224. Given
that uniformity in magnification is maintained in all selected patches, the core features
of these patches remain unaltered. This departure from the DINO’s patching approach is
crucial for computational pathology. This consistency ensures that each patch holds its
unique representation and characteristics intact, which in turn assists in maintaining the
consistency of the information it offers.

Expanding

Figure 4.2: Diagrammatic Demonstration of Patch Extraction and Expansion from a WSI
for Augmentation: Progressing from left to right, the first step in the process is depicted -
the mask and the WSI are overlaid to highlight the region from which patches are extracted.
For ease of understanding, a single extracted patch is displayed. The next phase of the
procedure is demonstrated in the subsequent image, where the size of the extracted patch
is expanded. This enlarged output is then fed into the final transformation stage.

Moreover, the uniformity in magnification also guides the network’s learning process in
a meaningful way. By processing patches that are expected to share similar attributes, the
network learns to map related concepts or visual features closer to each other in its internal
representation space. This capacity is expected to be central to the network’s ability to
distinguish between different classes and categories and, thereby, crucial to achieving high
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performance on classification or retrieval tasks in the forthcoming experiments.

These transformations are carefully selected to match the specific network into which
the patch will be integrated. A comprehensive visualization of this entire process can be
found in Figure 4.3. This figure depicts the interplay among the extraction, enlargement,
and transformation of patches, all contributing to the distinct approach that has been
adopted in the design.

Mild Augmentation Pipeline

Hyper Augmentation Pipeline

Figure 4.3: Visual Representation of the View Selection and Augmentation Pipeline: The
illustration on the left depicts the process of random view selection, demonstrating the
extraction of two views each for the Hyper augmentation (τH) and Mild augmentation (τM)
sets. For clarity, only two instances of each set are displayed. These views are randomly
cropped from an expanded patch region, each measuring 224 by 224 pixels. The diagram
on the right portrays the augmentation pipeline, detailing two unique augmentation sets
with varying intensity levels chosen for the Hyper augmentation and Mild augmentation
pipelines. The impact of these differing intensities is further highlighted by the distinct
outputs they produce.

After the patch selection, the more robust and less noisy patches are passed through the
teacher model, while all the patches that have been generated in the patch selection stage
are passed through the student model. Both teacher and student networks are identical in
architecture with different sets of parameters θs and θt for student and teacher networks,
respectively.

After extracting robust feature representations for images, the embeddings for the tex-
tual part will be extracted as described in Section 3.2.2. The implementation described in
Chapter 3 is followed to match images and texts and generate the similarity matrix.
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4.3 Loss Function

The proposed loss function guides the training of the entire model in an end-to-end
paradigm which helps the network to have better performance and more flexibility [61]. It
means that the proposed loss function should contain two parts. The first part should draw
paired image-text data closer within the shared space while making the unpaired data far
from each other:

L = [∆− S(Ii, Ti) + S(Ii, Tj)]+ + [∆− S(Ii, Ti) + S(Ij, Ti)]+. (4.3)

This part of the loss function has been elaborated in Section 3.6.

Meanwhile, the second part of the loss function aims to force the vision model to
generate a more robust feature representation for the given images using a SSL method.
In the training procedure, the loss will be minimized with respect to θs:

min
θs

∑
x∈{xM

1 ,xM
2 }

∑
x′∈V
x′ ̸=x

−Pt(x)log(Ps(x
′)). (4.4)

The proposed patching scheme, discussed in detail in Section 4.2.2, generates multiple
views of a given image, which are assembled into a set V . This set is characterized by
the inclusion of two distinct subsets of image views, differentiated by the type of augmen-
tation applied. One subset comprises views generated through the application of “Mild
Augmentation” (τM), while the other uses “Hyper augmentation” (τH).

In the context of Eq. 4.4, x is a selection made from the subset of views created through
the τM technique. In contrast, x′ is chosen from the collective set of all views, excluding the
specific view selected for x. Eq. 4.4 seeks to minimize the distribution distance between
these various views of the same image, which is a critical step towards achieving a more
robust image understanding. This minimization process ultimately assists the model in
distinguishing subtle differences within the image and understanding how different elements
of the image relate to each other.

The proposed loss function here can be applied on any number of patches; however, as
the authors in the DINO paper have suggested, the proposed method only used two patches
for the teacher network. In the approach under discussion, the absence of an initial teacher
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model, denoted by gθt , necessitates its iterative construction from previous versions of the
student network. As suggested by the authors in the DINO paper [32], an approach that
remarkably aligns with this framework involves applying an exponential moving average
(EMA) to the student weights and a strategy often referred to as a momentum encoder.
The update rule for this strategy is described by

θt ← λθt + (1− λ)θs, (4.5)

where λ undergoes a gradual transition from 0.996 to 1 during the training process, fol-
lowing a cosine schedule. This dynamic tuning of λ orchestrates the continuous updating
of the teacher network parameters (θt) based on the concurrently evolving student net-
work parameters (θs). This symbiotic process effectively transfers learned representations
and knowledge between the teacher and student networks, promoting consistent learning
progress and model robustness.

In the context of knowledge distillation models, collapse is a challenging issue that can
severely limit the model’s learning ability and overall performance. The term “collapse”
generally refers to a situation where the network outputs become excessively homogeneous
or overly focused on a single feature, thereby failing to capture the diversity and complexity
inherent in the data. In extreme cases, this can cause the model to converge to a trivial
solution, rendering it ineffective for its intended task.

In their work on the DINO approach, authors propose a couple of mechanisms to
mitigate the risk of collapse: sharpening and centring.

Sharpening: This method modulates the temperature of the softmax function in Eq.
4.1, effectively increasing the peakiness of the teacher outputs. By making the outputs
more distinct, sharpening discourages the model from collapsing towards trivial or overly
generalized solutions. The temperature value is typically initialized to a high value (making
the softmax outputs more uniform) and is gradually decreased during training, encouraging
the development of more distinct, “sharpened” outputs.

Centering: The process of Centering, as employed in the DINO framework, dynami-
cally fine-tunes the teacher network’s outputs before applying the softmax operation. This
maneuver, detailed in Eq. 4.6, effectively ensures the teacher network’s outputs are centred
around a common point. More specifically, it subtracts the mean feature vector, derived
from all data points within a batch, from each individual data point’s feature vector. This
step helps prevent any single dimension from dominating and reduces the risk of model col-
lapse. Such a centring process can be metaphorically interpreted as integrating a bias term
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“c”, which could be negative, into the network output, consequently shifting or offsetting
the output values for better balance and stability:

c← mc+ (1−m)
1

B

B∑
i=1

gθt(xi), (4.6)

where m > 0 determines how rapidly the center vector is updated over time, B is the batch
size and gθt refers to the teacher network. In the proposed method centring and sharpening
are applied to the teacher model.

After calculating the loss functions for the self-supervised task based on Eq. 4.4 and
the cross-modal task based on Eq. 4.3, the total loss is computed as follows:

Ltotal = βLssl + γLcross−modal,

Lssl =
∑

x∈{xM
1 ,xM

2 }

∑
x′∈V
x′ ̸=x

−Pt(x)log(Ps(x
′)),

Lcross−modal = [∆− S(Ii, Ti) + S(Ii, Tj)]+ + [∆− S(Ii, Ti) + S(Ij, Ti)]+.

(4.7)

The weight parameters, denoted by scalars β and γ, play a crucial role in determining
the impact of each loss term. They regulate and moderate the influence of these terms on
the overall loss function. Lssl

4.4 Datasets and Experiments

This section delves into three integral components of the study. The initial portion provides
a comprehensive overview of the datasets utilized for evaluating the proposed method, shed-
ding light on their characteristics, significance, and how they effectively lend themselves to
this study’s objectives.

In the latter part of this section, the metrics that have been employed for conduct-
ing the experiments are expounded upon. This involves a thorough explanation of the
reasons underlying the selection of these specific metrics, highlighting their importance in
facilitating a precise and insightful assessment of the experimental results.
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Subsequently, the focus shifts to exploring the metrics used, the design of the exper-
iments, and a thorough analysis of the results obtained. This segment delves into the
experimental setup, the reasoning behind the chosen metrics, and the rigorous evalua-
tions conducted. Moreover, the results are dissected and interpreted, providing insightful
perspectives and highlighting the implications of the findings.

4.4.1 Benchmark Datasets

In order to rigorously assess the efficacy of the proposed methodology, three distinct bench-
mark datasets specific to the pathology domain have been selected and utilized. Each of
these datasets serves as a comprehensive representation of different aspects and challenges
within the field of pathology, thus offering a robust environment to validate the suggested
method.

Grand River Hospital (GRH) Breast Cancer: This collection comprises 173
WSIs, obtained from a wide-ranging patient population diagnosed with an array of breast
cancer subtypes at the GRH. These primary diagnoses are classified into 22 distinct cat-
egories, marking the broad spectrum of breast cancer subtypes. A detailed breakdown of
these categories, including the specific names of the subtypes and the distribution of pa-
tient cases within each, is presented in Table 4.1. An experienced pathologist meticulously
curated masks for specific regions of WSIs that contained tumour tissues. The creation
of these masks was based on careful examination of both the associated medical reports
and the WSIs themselves. This process not only relied on the pathologist’s expertise in
identifying tumour regions but also on the valuable contextual information present in the
diagnostic reports. By cross-referencing these two data sources – the WSIs, and the reports
– a comprehensive set of tumour-centric masks was generated.

All WSIs in the dataset have been sectioned into patches of size 448 by 448 pixels.
To ensure a balanced representation and to avert any potential biases, approximately 500
patches were extracted at the magnification of x20 from each WSI. This dense extraction
process resulted in a total of roughly 86,500 patches derived solely from tumour regions.
To further mitigate risks of data leakage and preserve the integrity of the dataset, the WSIs
were partitioned into training, validation, and testing sets at the patient level. This measure
ensures no patches from the same WSI appear across different sets. In the interest of robust
and exhaustive experimentation, care was taken to include all 22 primary diagnoses in the
testing phase, thereby ensuring the comprehensiveness of the conducted experiments.

PatchGastricADC22 [142]: This dataset contains 991 H&E-stained slides from dis-
tinct patients and has been procured from the surgical pathology files of the International
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Primary Diagnosis #WSI
Usual ductal hyperplasia 10

Columnar cell lesions including flat epithelial atypia 16
Atypical ductal hyperplasia 10

Sclerosing adenosis 11
Microglandular adenosis 3

Radial scar/complex sclerosing lesion 10
Tubular adenoma 6

Lactating adenoma 3
Intraductal papilloma 12

Encapsulated papillary carcinoma 4
Solid papillary carcinoma (in situ and invasive) 5

Atypical lobular hyperplasia 9
Lobular carcinoma in situ 10
Ductal carcinoma in situ 10
Metaplastic carcinoma 4

Invasive breast carcinoma of no special type 11
Invasive lobular carcinoma 11

Tubular carcinoma 4
Cribriform carcinoma 3
Mucinous carcinoma 11

Invasive micropapillary carcinoma 5
Carcinoma with apocrine differentiation 5

Table 4.1: Distribution of Primary Diagnosis: This table reports the number of each
primary diagnosis in the GRH pathology dataset. This dataset encompasses 22 subtypes
of breast cancer, establishing it as the most extensive and comprehensive breast cancer
dataset compared with literature that predominantly considers two subtypes.

University of Health and Welfare, Mita Hospital, Tokyo, Japan. These slides were then
digitized into WSIs at a magnification of 20x. All cases within this dataset have been diag-
nosed as adenocarcinoma and verified by three independent pathologists. The selection of
these cases has been conducted randomly, reflecting a more accurate clinical distribution
of adenocarcinoma subtypes. Accompanying diagnostic reports provided the source for
histopathological captions.

These reports, initially in Japanese, have been expertly translated into English by two
experienced pathologists. The translated descriptions composed a vocabulary of 277 words,
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with the longest sentence not exceeding 50 words. As all cases have been sourced from the
same hospital, text descriptions for cases with similar diagnoses displayed little variance,
a trait mirrored in the translations.

In terms of image data, patches in size of 300 by 300 pixels have been primarily extracted
from regions showcasing adenocarcinoma lesions, observed at a magnification of 20x. Initial
loose annotations were carried out specifically on adenocarcinoma regions to minimize the
extraction of non-adenocarcinoma regions. Owing to the variable sizes of the specimens and
the adenocarcinoma regions within them, the number of patches extracted from each WSI
varied. This variability also extended to the number of patches linked with a given caption.
In the end, a total of 262,777 tiles (i.e., patches) have been extracted at a magnification of
x20. In this study, the data is partitioned into training, validation, and test sets adhering
to a consistent ratio: 70% of the data is allocated for training, 10% for validation, and the
remaining 20% is reserved for the testing phase.

LC25000 [27]: A further dataset instrumental to the experiment is the LC2500. Com-
prising 25,000 patches, each with dimensions of 768 by 768 pixels, this dataset offers a
substantial volume of high-resolution data for analysis, distributed evenly across five dis-
tinct classes. These classes each contain 5,000 images and are representative of the following
histological entities: colon adenocarcinoma, benign colonic tissue, lung adenocarcinoma,
lung squamous cell carcinoma, and benign lung tissue.

This extensive dataset holds immense value for research due to several factors. Firstly, it
adheres to strict standards of patient privacy, being fully de-identified and Health Insurance
Portability and Accountability Act (HIPAA) compliant. Secondly, its quality is ensured
through thorough validation processes. Furthermore, it is publicly accessible, encouraging
open and collaborative research endeavours in the medical community.

The size and diversity of this dataset, combined with the high-resolution patches, in
conjunction with its meticulous validation process, makes it particularly well-suited for
rigorous experimental testing. In this study, the LC25000 dataset plays a crucial role in
the experiment design and the results obtained therefrom.

4.4.2 Evaluation Metric

In order to comprehensively assess the efficacy of the model, as outlined in Section 3.8.2,
the metric of Recall at K (R@k) is employed for both image-to-text and text-to-image
retrieval tasks. However, given the intricacy and delicacy of the field of pathology, where
more granular information can offer additional insight into the performance of the models,
four different thresholds have been chosen for the value of K. Consequently, the model is
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evaluated based on R@1, R@3, R@5 and R@10 across both retrieval directions, allowing
for a multi-faceted appraisal of the model’s capabilities.

Furthermore, to encapsulate the model’s overall performance across these different
thresholds, R@sum is computed and reported. This aggregate measure serves as a valuable
tool in the comparison of various models, presenting a comprehensive picture of perfor-
mance that effectively balances the results across different recall thresholds. This holistic
perspective on model performance assists in drawing more nuanced conclusions to con-
tribute to more informed decision-making.

4.4.3 Experiments

A comprehensive evaluation of the proposed method in comparison to alternative ap-
proaches was undertaken by applying two strategies tailored to the specific nature of the
datasets. The datasets in question, namely GRH and LC25000, encompass images that
have been classified according to primary diagnosis and can serve as a definitive classifica-
tion criterion. This can help us to compare the proposed approach with other classification
methods in the field, including KimiaNet [122]and HIPT [36] models. As a result, in the
conducted experiments on these datasets, the primary diagnosis was utilized as a descrip-
tor for the proposed method, and to facilitate a fair comparison with other techniques
without compromising the task’s generality, the primary diagnosis was mapped into labels
compatible with other classification approaches.

Moreover, the proposed method was demonstrated to function as a bi-directional re-
triever for both GRH and LC25000 datasets by feeding the primary diagnosis as a descrip-
tion into the model. This allowed an evaluation of its performance in different settings,
offering a more robust and comprehensive assessment of its efficiency and applicability.

In relation to the PatchGastricADC22 dataset, which is characterized by paired image-
description entries at the WSI level, the provided descriptions were employed as text inputs.
This was informed by the unique structure and specific attributes of this dataset, which is
amenable to a deeper level of analysis courtesy of the substantial data encapsulated within
the descriptions. Consequently, other existing cross-modal retrieval methodologies were
used as points of reference for comparison and evaluation. This approach ensured that the
evaluation benchmark remained constant, facilitating a rigorous comparison rooted in the
specific characteristics of the dataset.

However, the dataset’s structure limits in-depth result analysis. Evaluating the align-
ment of retrieved data points becomes intricate, especially when data from varying sub-
types or classes align similarly. Additionally, pinpointing whether the model’s identified
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patterns align with pathologists’ expectations is complex. Such in-depth evaluations would
necessitate pathologist input.

In the subsequent sections, a thorough delineation of the procedural specifics associated
with the methodology’s implementation is provided, in addition to an in-depth presentation
of the experimental results derived from each of the datasets. The aim of these discussions
is to illuminate the complexities of the proposed approach, underscore its practical utility,
and confirm its resilience when applied to diverse datasets and configurations.

GRH Benchmark Dataset: To conduct experiments on the GRH dataset, rigorous
pre-processing steps were employed, where patches of size 448 by 448 pixels were extracted
from WSIs based on Figure 4.3. The student model was trained using six stringent data
augmentation techniques (τH), whereas the teacher model had a relatively relaxed regiment
with two less intensive augmentations (τM) from the same patch as described in Section
4.2.2. Regardless of the specific augmentation technique implemented, the final processed
image was adjusted to fit a uniform size of 224 by 224 pixels. Padding was added when
necessary to ensure a consistent dimension across all images. The center crop of each path
has been selected as the input to the LILE model. A similar augmentation set as τM is
applied on this input for uniformity. The suite of augmentations applied to this dataset
encompasses a range of transformations. These include Random Crop, Random Vertical
and Horizontal Flip, as well as Color Jitter, which further encompasses changes in Bright-
ness, Contrast, Saturation, and Hue. The intensity of these augmentations is strategically
regulated, being categorized under either Hyper or Mild augmentation sets based on the
severity of the transformation required. For the image representation extraction and SSL
component, the student and teacher models utilized a ViT architecture similar to what
was explained in Section 4.2.1 with 12 Transformer encoding blocks and 768 for the hidden
states. Weight initialization for both student and teacher networks was facilitated through
a pre-trained ViT model using the dataset featured in the “KimiaNet” paper [122]. The
last six blocks of the student and teacher models are set to be trainable and frozen the
rest.

The text encoder component is comprised of the versatile BioMed-RoBERTa-based
network [66], with fine-tuning restricted to the last two blocks. An empirical approach led
to the determination of optimal values for β and γ in Eq. 4.7, where the most desirable
performance was observed at β = 0.3 and γ = 1. This configuration subtly de-emphasized
the SSL component within the loss function. Given that the primary objective of the
function is to identify and match paired images and texts, this adjustment allowed the
model to focus more on its primary task while still benefiting from the auxiliary guidance
of the SSL component.
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Table 4.2: A comparison between the proposed method and other state-of-the-art ap-
proaches, examining their performance in both patch-based and WSI-based retrieval tasks
on the GRH dataset.

Method
Text Retrieval Image Retrieval

R@1 R@3 R@5 R@10 R@1 R@3 R@5 R@10 R@sum

Patch based

KimiaNet [122] 24.1∓ 3.6 43.3∓ 2.3 51.2∓ 2.2 72.3∓ 1.9 N/A N/A N/A N/A N/A
BioMedCLIP [165] 12.6∓ 1.4 31.1∓ 3.7 42.7∓ 3.9 66.7∓ 5.3 18.4∓ 1.7 34.0∓ 3.2 41.9∓ 3.6 60.2∓ 4.2 307.6∓ 10.3
LILE [106] 29.3∓ 4.3 50.0∓ 3.5 63.6∓ 2.0 80.2∓ 1.9 39.2∓ 4.7 53.6∓ 4.2 57.5∓ 4.6 61.5∓ 3.1 434.9∓ 15.1
LILE+DINO 31.6∓ 4.2 53.8∓ 3.1 65.4∓ 2.5 81.9∓ 1.0 40.1∓ 6.7 57.6∓ 5.6 63.9∓ 4.8 64.8∓ 3.1 459.1∓ 23.7

LILE+H-DINO 31.9∓ 3.7 54.2∓ 3.1 65.8∓ 2.4 82.3∓ 1.0 43.2∓ 6.8 59.8∓ 4.1 64.4∓ 4.8 65.9∓ 3.5 467.5∓ 18.8

WSI based

KimiaNet [122] 42.3∓ 5.3 66.3∓ 3.2 70.4∓ 3.0 78.1∓ 2.1 N/A N/A N/A N/A N/A
BioMedCLIP [165] 32.4∓ 2.1 48.4∓ 3.2 68.3∓ 3.4 74.1∓ 3.0 N/A N/A N/A N/A N/A
HIPT [36] 51.2∓ 6.8 72.4∓ 3.7 79.2∓ 2.1 86.5∓ 2.3 N/A N/A N/A N/A N/A
LILE [106] 50.0∓ 6.1 70.1∓ 4.2 76.4∓ 2.4 81.8∓ 2.9 N/A N/A N/A N/A N/A
LILE+DINO 53.7∓ 7.3 75.7∓ 4.3 83.2∓ 3.1 90.9∓ 2.6 N/A N/A N/A N/A N/A

LILE+H-DINO 54.5∓ 6.4 77.3∓ 4.5 84.1∓ 2.3 92.5∓ 3.3 N/A N/A N/A N/A N/A

To mitigate any potential bias and maintain the fairness of the comparison, six ex-
perimental iterations were carried out, each with a different test dataset and assigned the
rest of the dataset as train and validation sets. To further validate these comparisons,
it was ensured that each test set included all 22 primary diagnoses. Model training was
accomplished using the AdamW optimizer [98], with an initial learning rate of 1e − 6.
The learning rate was intelligently adapted to decay when the evaluation metric (R@sum)
ceased to improve. The configuration for the rest of the model remains consistent with the
optimal parameters identified during experiments with the ARCH dataset back in Chapter
3. This includes the number of iteration steps (denoted as K) and the weight factor (rep-
resented by α) within the loss function. The selection of these parameters is driven by the
previous findings, thus ensuring that the model is effectively tuned for peak performance.
This configuration continuity allows for a more robust evaluation and comparison across
datasets. A comprehensive account of the findings from this setup can be found in Table
4.2.

The experiments on the GRH dataset were conducted in two different schemes. As it is
shown in Table 4.2, the proposed method is compared with other methods in patch-based
and WSI-based configurations. For the patch-based strategy, each patch needs to predict
the correct primary diagnosis related to itself. In an alternate setup, the problem was ap-
proached through a WSI retrieval lens, replacing the individual patch-based retrieval. The
strategy being used places considerable emphasis on majority voting for the prediction
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of the WSI primary diagnosis. This approach, which is largely derived from strategies em-
ployed in patch-based experiments, is centred around the accumulation of predictions made
for individual patches. The process unfolds as follows: for each patch, a determination is
initially made regarding whether it has accurately retrieved its correct primary diagnosis,
with various thresholds applied in the recall metric. If the true primary diagnosis is found
among the top “K” retrieved diagnoses, the patch is identified as correctly retrieving the
actual text. If not, the patch is assigned the label corresponding to the first retrieved
primary diagnosis. Subsequently, a label is assigned to a WSI, reflecting the most common
label among its constituent patches. This strategy provided a more holistic interpretation
of the WSI, as it accounted for the collective intelligence of all patches in a WSI, rather
than treating each patch in isolation. This perspective shift aimed at enhancing the over-
all retrieval performance by considering the consensus of predictions within a WSI, thus
adding another dimension of robustness to the proposed method.

In the analysis of KimiaNet, a pre-trained model that had been subjected to compre-
hensive training using the vast TCGA dataset [4] was employed. This model underwent
further fine-tuning using the training data, with the parameters of the last fully connected
layer set to be trainable. The HIPT model was trained according to the guidelines provided
in the authors’ GitHub repository, designed to classify WSIs. For the experiments con-
ducted on BioMedCLIP [165], their pre-trained model was utilized without any additional
fine-tuning. Their model was trained on 15 million pairs of figures and text extracted from
articles published on PubMed.

The proposed method, incorporating LILE structure into its backbone and employ-
ing the H-DINO strategy for self-supervision, demonstrated superior performance in both
patch-based and WSI-based tasks compared to other approaches. A comparative analysis,
pitching the proposed LILE+DINO method against the LILE without any self-supervision,
demonstrated the potency of SSL in boosting model performance. The inclusion of SSL
significantly elevated the R@sum metric, which measures the model’s overall effectiveness,
by a notable 32.6 margin. Furthermore, a comparison drawn between the LILE+H-DINO
and the LILE+DINO methods underscored the value of implementing a patching method
specifically devised for WSIs. This tailored approach to patching further enhanced the
R@sum performance metric by an additional 8.4, highlighting its crucial role in optimizing
the model’s overall performance. This specialized approach notably improved the model’s
performance by providing a more robust embedding representation for the patches.

When considering text-to-WSI retrieval, the nature of the training and testing data,
which are primarily patches, made it unfeasible to retrieve a WSI based on its primary
diagnosis. This is due to the inherent fact that all patches extracted from the same WSI
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share an identical primary diagnosis, leading to a uniform result. Consequently, no results
have been reported in this direction, and this aspect is noted as “N/A” (Not Applicable).
Further, it is worth mentioning that the KimiaNet and HIPT methods lack the capabil-
ity to retrieve images when given text, leading to an absence of reported results for these
models. However, within the scope of patch-based retrieval, the models that are built upon
LILE display the compelling feature of bidirectional functionality. This characteristic high-
lights the distinct superiority of cross-modal retrieval models over traditional classification
networks, such as HIPT and KimiaNet, as they possess the capacity to operate fluidly in
both retrieval directions.

It should be noted that WSIs are predominantly utilized for diagnostic purposes by
medical practitioners, including oncologists and pathologists. Consequently, greater em-
phasis is placed on the performance of the model in the WSI-based approach as compared
to patch-based results. As seen in the table, the results for the WSI-based approach con-
siderably outperformed those for the patch-based method. This phenomenon could be
attributed to the power of majority voting. A WSI was assigned to a label if the major-
ity of its patches voted for that specific label, implying that even if some patches were
incorrectly predicted, the overall true label could still be accurately identified.

To further corroborate the efficacy of the proposed method, confusion matrices for
R@1, R@3, and R@5 in patch-based strategy are presented in Figures 4.4, 4.5, and 4.6,
respectively. Moreover, the comprehensive performance of the model in the context of WSI
retrieval at various recall thresholds – R@1, R@3, and R@5 – is visualized in confusion
matrices, as depicted in Figures 4.7, 4.8, and 4.9, respectively. To generate the confusion
matrices that are displayed, the same methodology described in relation to Table 4.2 is
employed. This approach allows for a consistent and comparative representation of the
data across different visualizations.

These figures enable an in-depth understanding of the model’s capability to assign diag-
noses at different levels of recall accurately. From the confusion matrices can be understood
that the proposed approach can distinguish more of its classes, and by going from R@1 to
R@3 and R@5, i.e., looking at more retrievals, one can achieve more reliable predictions.
Classifying 22 primary diagnoses of breast cancer is extremely challenging as they are all
related to one anatomical organ, and they exhibit many similarities in their texture. As a
result, R@3 and R@5 can provide more accurate results and be practical for pathologists
and doctors to be relied on. Furthermore, it is noteworthy that each primary diagnosis
can occasionally be misconstrued as a different primary diagnosis. This phenomenon could
potentially serve as an additional source of information for pathologists. By allowing for
the possibility of alternative diagnoses, insights that might be obscured if only the cor-
rect primary diagnosis were provided can instead be unveiled, thus supporting a more
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Figure 4.4: This confusion matrix depicts the retrieval performance of the proposed method
for patch-level classification across 22 distinct primary diagnoses, specifically at an R@1
recall level. It provides a comprehensive visual representation of how accurately the model
classifies each diagnosis and demonstrates how the results are distributed across true and
predicted classifications, hence offering a deeper understanding of the model’s performance.
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Figure 4.5: This confusion matrix depicts the retrieval performance of the proposed method
for patch-level classification across 22 distinct primary diagnoses, specifically at an R@3
recall level. It provides a comprehensive visual representation of how accurately the model
classifies each diagnosis and demonstrates how the results are distributed across true and
predicted classifications, hence offering a deeper understanding of the model’s performance.
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Figure 4.6: This confusion matrix depicts the retrieval performance of the proposed method
for patch-level classification across 22 distinct primary diagnoses, specifically at an R@5
recall level. It provides a comprehensive visual representation of how accurately the model
classifies each diagnosis and demonstrates how the results are distributed across true and
predicted classifications, hence offering a deeper understanding of the model’s performance.
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Figure 4.7: This confusion matrix provides a visualization of the retrieval performance at
the R@1 level of the proposed method for the WSI-level classification across 22 distinct
primary diagnoses. It serves as a detailed display of the model’s accuracy in diagnosis
classification. By presenting the distribution of results across true and predicted classes,
it enables a profound understanding of the overall efficacy and precision of the model.
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Figure 4.8: This confusion matrix provides a visualization of the retrieval performance at
the R@3 level of the proposed method for the WSI-level classification across 22 distinct
primary diagnoses. It serves as a detailed display of the model’s accuracy in diagnosis
classification. By presenting the distribution of results across true and predicted classes,
it enables a profound understanding of the overall efficacy and precision of the model.
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Figure 4.9: This confusion matrix provides a visualization of the retrieval performance at
the R@5 level of the proposed method for the WSI-level classification across 22 distinct
primary diagnoses. It serves as a detailed display of the model’s accuracy in diagnosis
classification. By presenting the distribution of results across true and predicted classes,
it enables a profound understanding of the overall efficacy and precision of the model.
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comprehensive understanding of the pathology in question.

More examination of the confusion matrices reveals that two primary diagnoses, namely,
Caribiform Carcinoma and Lobular Carcinoma in Situ, pose significant challenges. A con-
tributing factor to the misclassification of Caribiform Carcinoma pertains to the limited
representation of this diagnosis in the GRH dataset. With only three WSIs corresponding
to this diagnosis, the dataset configuration for each training run is such that one WSI
is set aside for testing, and another for validation, leaving just a single WSI for train-
ing. As depicted in Figure 4.10, which showcases three random patches extracted from
these three WSIs, the structural and feature variation across each WSI is quite significant.
Consequently, training the model using a single WSI fails to provide a comprehensive rep-
resentation of the primary diagnosis, thereby making it challenging to correctly identify
this diagnosis in other WSIs.

Figure 4.10: Three randomly selected patches from three distinct Cribriform Carcinoma
WSIs present in the GRH dataset. The noticeable differences in structure and the sig-
nificant variations among these images illuminate the challenge of accurate classification,
ultimately contributing to lower accuracy rates.

If more data corresponding to this specific primary diagnosis were to be included in
the training set, it would be reasonable to anticipate improved diagnostic accuracy. By
enhancing the diversity and volume of the training data, the model would be equipped
with a more holistic understanding of the diagnosis, thus improving its ability to identify
and classify new instances accurately.

In another experiment, the robustness and adaptability of the proposed model were
demonstrated through an analysis of the generated embeddings and the real-world appli-
cation of these findings. The dataset used for this experiment was sourced from the WHO
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Query: Core biopsies show nodular sclerosing adenosis in two
cores, where there are compressed epithelial cords and trabeculae
amid a fibrocollagenous stroma. Myoepithelial cells, confirmed
present on immunohistochemistry, show spindled shapes and
merge with the stroma in areas. A vague nodularity is noted

Query: Core biopsy shows an invasive carcinoma with apocrine
features, where the anastomosing tumour islands are composed of
cells with hyperchromatic bizarre nuclei and abundant pink
cytoplasm. Some tumour cells contain fine vacuolated cytoplasm.

Query: Spindle cell metaplastic carcinoma of variable cellularity,
irregularly invading into the fibroadipose stroma. Scattered benign
ducts are found within the tumour.

Expected Retrieval: Sclerosing adenosis (SA) 

Expected Retrieval: Carcinoma with apocrine differentiation (CAD)

Expected Retrieval: Metaplastic carcinoma (MC)

CAD CAD CAD

SA SA SA

MCMCMC

Figure 4.11: Visualizing image retrieval using real-world medical descriptions extracted
from the WHO dataset, which wasn’t included in the original training set. Under each
description, the associated primary diagnosis is displayed. To the right, the top three
images retrieved by the model are presented alongside their corresponding primary diag-
noses. This illustration showcases the model’s ability to retrieve and match images based
on textual medical descriptions accurately.

(World Health Organization), which was not part of the original training set but provided
real medical reports all related to the same primary diagnosis.

The top three results from the text-to-image (t2i) retrieval process are displayed in
Figure 4.11. The capability of the model to retrieve accurate and relevant images given a
description of a specific primary diagnosis is clearly illustrated by these results.

These examples demonstrate how the model can identify and understand similar se-
mantic structures between images and their corresponding descriptions. Not only does this
enhance the overall precision of the model, but it also demonstrates its ability to adapt to
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Table 4.3: Comparative analysis of methodological performance on the GRH dataset using
Recall@K@V metric with a “V” threshold of five - illustrating the superior performance
and adaptability of the proposed LILE+H-DINO method across diverse recall thresholds.

Method
WSI based

R@1 R@3 R@5 R@10
KimiaNet [122] 43.0∓ 5.0 63.6∓ 2.3 69.1∓ 2.5 78.5∓ 2.3
HIPT1 [36] 51.2∓ 6.8 72.4∓ 3.7 79.2∓ 2.1 86.5∓ 2.3
LILE [106] 50.8∓ 6.2 70.0∓ 5.6 76.0∓ 1.8 81.5∓ 2.4
LILE+DINO 56.6∓ 5.5 72.5∓ 5.4 80.9∓ 3.2 89.9∓ 3.5
LILE+H-DINO 57.2∓ 5.2 74.1∓ 4.7 81.8∓ 4.0 91.9∓ 4.0

and comprehend new, intricate concepts.

In additional sets of experiments conducted on the GRH dataset, a focus was placed
on evaluating the model based on metrics more aligned with the diagnostic considerations
of pathologists in order to ensure real-world clinical applications were closely reflected.

One of the key metrics, recall@K (R@k), which was reported previously, was utilized
for this evaluation. The successful retrieval was defined by the premise that the correct
item was found within the top K retrieved items. This measure of success was then used
to cast a ‘vote’ among the patches of a WSI.

Taking the approach a step further, another strategy was adopted. This method in-
volved the top “V” retrieved primary diagnoses for each image patch being gathered. Here,
“V” functions as a voting threshold, representing the number of retrieved items deemed
informative enough to contribute to the majority vote in the ultimate step. Subsequently,
these items were multiplied by their corresponding normalized similarity scores. The pri-
mary diagnoses retrieved for each WSI were then organized based on the frequency of
their occurrence among the top “V” diagnoses, which were weighted by their scores across
all patches within that specific WSI. Following this, the recall@K evaluation was applied
to ascertain if the accurate primary diagnosis was among the top “K” retrieved items.
This layered evaluation technique, termed Recall@K@V, provided a multidimensional
and more nuanced analysis of retrieval success and presented a more comprehensive pic-
ture of retrieval performance. Such a metric can be of assistance to pathologists when
ordering immunohistochemistry; Recall@K@V is a good quantification to select the right
biomarkers.

1In this experiment, given that the HIPT method isn’t adaptable to the proposed voting approach, the
results for WSI classification have been reported.
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This innovative and advanced evaluation strategy facilitated the procurement of a more
detailed and nuanced understanding of the model’s performance. The results of this ex-
periment, which offer an extensive analysis of Recall@K@V evaluations, are depicted in
Figure 4.12. The strategic expansion of the traditional approach allowed for a thorough
and informative dissection of the model’s performance.

Figure 4.12 illustrates the impact of modulating the voting threshold, termed “V”, on
the task of determining a WSI’s primary diagnosis over a range of Recall@K values. The
voting threshold specifies the number of top-retrieved items per patch taken into account
in the decision-making process. By adjusting “V”, the breadth of information contribut-
ing to the final diagnostic decision can be fine-tuned, offering a nuanced perspective on
the retrieval performance. The visual representation shows an initial trend of improved
performance with an increasing voting threshold, underlining the value of a more inclusive
decision-making process. Multiple “V” thresholds were examined to investigate this rela-
tionship, ranging from a conservative limit of 1 (i.e., only the top-retrieved item per patch
contributes to the final decision) to a comprehensive limit of 22, encompassing all primary
diagnoses in the database. The effects of these different thresholds are colour-coded for
ease of comparison.

However, it is critical to note that there appears to be a limit to the benefit of this
expansion. As demonstrated by the figure, a voting threshold greater than five signifies
the beginning of an observable performance decline. This observed decline aligns with
expectations, considering that the similarity scores across primary diagnoses tend to cluster
after the top few candidates. Essentially, including too many lower-ranked diagnoses dilutes
the influence of the most probable ones, leading to less accurate final decisions. Thus, a
careful balance is required when choosing the voting threshold to optimally leverage the
multi-voting scheme’s advantages while avoiding the pitfalls of over-inclusion.

Continuing to add votes past the optimal threshold tends to introduce excess noise into
the voting system. This “over-voting” counter-productively decreases the precision of the
voting mechanism and consequently reduces the final recall score. Hence, while expanding
the voting pool can initially enhance diagnostic accuracy, careful moderation is necessary to
prevent a decline in performance. The comparative performance of different methodologies
on the GRH dataset, as measured by this particular metric, is detailed in Table 4.3. The
“V” threshold within the Recall@K@V metric has been set to five for these evaluations.
This setting was chosen as it consistently delivered the most advantageous results across
different trials, as seen in Figure 4.12. A clear observation from these comparisons is that
the proposed LILE+H-DINO method excels beyond other approaches across varying recall
thresholds. Notably, its superior performance holds up regardless of the recall threshold
applied, further underscoring the robustness and generalization capability of the model.
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Figure 4.12: This figure illustrates the Recall@K@V values for various combinations of V
and K. In this process, the most relevant primary diagnoses are first sorted for each patch
based on a given V value. Subsequently, the Recall@K is computed for each WSI using the
frequency of the most common primary diagnosis identified for that WSI. The results of
this process are showcased in the figure for multiple voting thresholds (V), which include
1, 2, 3, 5, 10, 15, and 22. The selection of these thresholds is significant as the number
of primary diagnoses is capped at 22. Additionally, the figure also displays these results
across varying levels of Recall (K), specifically 1, 3, 5, and 10. This visualization provides a
comprehensive overview of how alterations in the voting threshold and recall level influence
the Recall@K@V values, thereby highlighting the nuanced interplay of these parameters
in the evaluation process.

This reliable higher performance of the LILE+H-DINO model illustrates its potency and
adaptability across diverse retrieval contexts in the GRH dataset.

PatchGastricADC22 Benchmark Dataset: In the processing of the PatchGastri-
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cADC22 dataset, patches of 300 by 300 pixels in size were utilized. The description of
each extracted patch was linked to the corresponding WSI it was obtained from. The
primary distinction in this approach is manifested in the input selection for the model,
which acts as an anchor for the training of the retrieval part. Instead of a center crop
being traditionally employed, variability is introduced: for each iteration in the training
process, a random crop of dimensions 224 by 224 pixels is chosen from the original 300
by 300 patch and inputted into the model. This methodology is based on the assumption
that a subset of the original patch, specifically the 224 by 224 pixels crop, can adequately
represent the accompanying descriptive text. Moreover, this method infuses a layer of ran-
domness into the training process, potentially fostering an enhanced generalization ability
for the model. However, during the test phase, a center crop is utilized. The overall model
architecture was maintained in alignment with the configuration adopted for the GRH
experiments. Pre-trained models from a classification task using the dataset featured in
the “KimiaNet” paper [122] were applied to both the student and teacher networks, while
the BioMed-RoBERTa was employed as the text encoder [66]. The only variable in this
arrangement was the number of trainable blocks in the vision component, where the last
eight blocks were selected for adjustment. For the text encoder, the last two blocks were
set as trainable. A learning rate of 5e− 5 was chosen, and the batch size was set at 64.

Random cropping with a size of 224 by 224 for extracted different views is applied. The
data augmentation methodology implemented with the GRH dataset was mirrored here,
with six Hyper augmentations (τH) being applied to the student model and two less strin-
gent ones (τM) to the teacher model. These augmentations include Random Crop, Random
Vertical and Horizontal Flip, and Color Jitter (affecting Brightness, Contrast, Saturation,
and Hue). The strength of these transformations was controlled, falling into either Hyper
or Mild augmentation sets, depending on the desired extent of change. Optimal results
were achieved when the parameters of the loss function were finely tuned, setting γ to 1
and β to 0.5. Given that the central goal of the model is to effectively locate and pair
corresponding images and texts, this particular adjustment aids the model in concentrating
on its main task.

Table 4.4 documents the performance of the model in patch-based and WSI-based
retrieval compared to other methods. This table provides insights into the efficacy of the
suggested method and its relative performance in comparison with other techniques.

To evaluate the performance of the proposed approach and compare it with other
methods, LILE is used as the baseline and compared LILE+H-DINO with LILE+DINO
and BioMedCLIP [165] which is one of the foundation models for vision and vision language
tasks that trained on large paired medical data. Notably, there are no pre-existing reported
results for this dataset, which underscores the novelty of this research. Furthermore, for
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Table 4.4: A comparison of the proposed method and other state-of-the-art approaches on
the PatchGastricADC22 dataset, evaluating their performance in patch-based and WSI-
based retrieval tasks.

Method
Text Retrieval Image Retrieval

R@1 R@3 R@5 R@10 R@1 R@3 R@5 R@10 R@sum

Patch based

BioMedCLIP (zero-shot) [165] 6.0 17.8 28.7 53.2 10.1 22.4 29.8 51.2 219.2
LILE [106] 18.2 37.8 49.1 78.2 28.5 46.9 48.3 68.2 375.2
LILE+DINO 19.6 40.4 53.8 80.0 34.2 50.6 55.0 70.0 403.5

LILE+H-DINO 20.8 42.2 54.8 81.3 40.0 55.0 55.0 75.0 424.1

WSI based

BioMedCLIP (zero-shot) [165] 14.6 26.2 32.3 64.5 N/A N/A N/A N/A N/A
LILE [106] 32.4 46.1 64.3 85.8 N/A N/A N/A N/A N/A
LILE+DINO 35.0 49.5 66.2 88.3 N/A N/A N/A N/A N/A

LILE+H-DINO 36.7 52.3 67.8 93.2 N/A N/A N/A N/A N/A

the sake of comparison, only the BioMedCLIP model was utilized in this instance due to its
public availability and its standing as one of the SOTA techniques for cross-modal retrieval
tasks in the medical field.

The same voting scheme proposed for the GRH dataset is applied for this dataset with
a voting threshold of five for WSI-based retrieval tasks. The results show the efficacy of
the combination of LILE with H-DINO in both patch-based and WSI-based tasks which
outperformed all the other approaches. In this experiment, the pre-trained BioMedCLIP
model [165], which was trained on a large volume of figure-caption pairs extracted from
biomedical research articles in PubMed Central, was employed without further fine-tuning.
To facilitate the application of the BioMedCLIP model for WSI-based retrieval, the identi-
cal procedure used for LILE and other methods was diligently implemented. The results of
BioMedCLIP, as expected, are the lowest among other approaches as it is only trained with
images and text extracted from research articles, and it can show the importance of data
in training models. The comparative evaluation of the proposed method, LILE+H-DINO,
with LILE and LILE+DINO, offers some notable insights.

Among the methods charted in the table, a distinct performance advantage was exhib-
ited by the proposed LILE+H-DINO. It outpaced both LILE and LILE+DINO at various
recall thresholds, including R@sum, registering a lead of 48.9 and 20.6, respectively. This
performance margin underscores the significance of incorporating self-supervised learning
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(SSL) and a tailored patching scheme in the proposed methodology, elements that played
a pivotal role in enhancing retrieval accuracy.

On another note, a characteristic of this dataset is that each description is associated
with all patches extracted from the corresponding Whole Slide Image (WSI). Consequently,
retrieving a WSI from a description is not feasible, as the correlation doesn’t lend itself
to direct WSI retrieval. Therefore, the corresponding entries in Table 4.4 are marked as
“N/A” (Not Applicable), indicating the inapplicability of certain metrics in this context.

The dataset under consideration contains authentic captions penned by pathologists,
offering a practical application scenario for the proposed approach. Furthermore, the
challenge escalates when distinguishing between descriptions and images pertaining to
the same type of adenocarcinoma. The similarity in the nature of the images and text
can blur the differentiation, thereby posing a considerable challenge. This is especially
prominent when comparing the performance to that of the GRH dataset. The complex task
of accurately matching the nuanced visual patterns in the images with the precise medical
terminology in the captions can lead to reduced performance, reinforcing the intrinsic
difficulty of the task. Nonetheless, successfully tackling this challenge can provide valuable
insights for advancing cross-modal retrieval techniques in real-world clinical settings.

LC25000 Benchmark Dataset: The LC25000 dataset was employed as another
benchmark to evaluate the effectiveness of the proposed methodology. Patches of dimen-
sions 768 by 768 pixels characterize this particular dataset. In line with model require-
ments, these patches were resized to 448 by 448 pixels. The methodology previously
detailed for the GRH dataset was adhered to, ensuring consistent operations across all
datasets. As mentioned for the PatchGastricADC22 dataset, instead of the center 224 by
224 pixels crop feed into the model, a random crop has been fed to the cross-modal re-
trieval network as the same characteristic applied for the LC25000 dataset. One limitation
that arose with the LC25000 dataset was the absence of information regarding the WSI
from which the patches were extracted. This resulted in the reporting of only patch-based
retrieval outcomes for this dataset.

The preparation of views for both the student and teacher networks was undertaken in
an identical manner to previous operations for the GRH and PatchGastricADC22 datasets,
including the number of views and augmentations that have been applied. An exhaustive
and systematic experimental analysis has ascertained optimal parameter settings tailored
for this dataset. In the context of the image encoder, the student and teacher networks,
fine-tuned on the last six blocks of a pre-trained ViT trained on the dataset featured in the
“KimiaNet” paper [122], showed the best results. On the other hand, the last two blocks
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of BioMed-RoBERTa were found to be most effective for the text encoder.

In terms of optimizing the loss function, the parameters were carefully calibrated. The
parameter γ was set to 1, while the parameter β was set to 0.4, granting a slightly lesser
emphasis to SSL part in the loss function. A learning rate of 5e− 5 was employed, offering
a good balance between training speed and model stability. The batch size was 64.

Comparisons were made between the performance of the proposed method and other
existing methods. The insights derived from these comparisons have been collated and
presented in Table 4.5. The findings affirm the proposed method’s robustness and effec-
tiveness when applied to this benchmark dataset, supporting its validity across various
scenarios. Notably, the MD [107], CNN and SVM [148], and MRFO & EO [138] methods
are unable to be applied in the image retrieval direction, and they do not provide results
for R@3 and R@5. The absence of reported results for these models further highlights
this limitation. The outcomes of this experiment are noteworthy and closely matched,
largely due to the straightforward nature of the task, which involves recognition among
merely five distinct categories. In this context, the distinguishing factor among various
methodologies primarily lies in the R@1 metric (the strict classification case), given that
all methods achieved a perfect score of 100 for R@3 and R@5. Consequently, R@10 has
not been reported, considering that with only five primary diagnoses, any recall threshold
above 5 would invariably yield a score of 100.

Despite the high level of competition, the proposed model, LILE+H-DINO, manages
to inch ahead, albeit by a narrow margin. It surpasses the performance of MRFO & EO,
as cited in [138], by 0.2 for R@1, and outperforms LILE and LILE+DINO by 0.5 and 0.1,
respectively, for R@1, which subsequently impacts the R@sum score.

This marginal yet significant superiority is particularly noteworthy given the circum-
stance where scores are concentrated near the ideal score of 100. The model’s ability
to offer this subtle performance boost in a context where the scope for enhancement is
minimal indicates its capacity to yield exceptional results in more complex scenarios.

Furthermore, image retrieval results have only been provided for LILE architectures.
This is because other approaches have only been capable of functioning in a single direction
- specifically, classifying images based on their primary diagnosis. This further highlights
the versatility and capability of LILE networks in the context of image retrieval tasks.
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Table 4.5: A comparison of the proposed method and other state-of-the-art approaches on
the LC25000 dataset, evaluating their performance in patch-based retrieval tasks.

Method
Text Retrieval Image Retrieval

R@1 R@3 R@5 R@1 R@3 R@5 R@sum

Patch based

MD [107] 98.4 N/A N/A N/A N/A N/A N/A
CNN and SVM [148] 94.0 N/A N/A N/A N/A N/A N/A
MRFO & EO [138] 99.6 N/A N/A N/A N/A N/A N/A
LILE [106] 99.3 100 100 100 100 100 599.3
LILE+DINO 99.7 100 100 100 100 100 599.7

LILE+H-DINO 99.8 100 100 100 100 100 599.8

4.5 Summary

In this chapter, the innovative approach of LILE+H-DINO has been introduced. This
extended model, which uniquely integrates the cross-modal retrieval architecture with SSL
tailored for the vision encoder, is distinguished by a distinctive patching strategy known as
harmonizing DINO, short H-DINO. Furthermore, the model is trained using an end-to-end
scheme, allowing for seamless interactions between the components of the model.

The challenge of securing labelled images in the medical field has been acknowledged.
In response to this, the application of SSL has been limited solely to the vision encoder,
an approach that strategically addresses the issue. The unique combination of LILE and
SSL has been demonstrated to improve image representation, which subsequently leads to
enhanced performance in cross-modal retrieval tasks.

A rigorous evaluation of the model has been conducted across various medical bench-
mark datasets. The results achieved have quantified the superior capabilities of the pro-
posed approach, showing that it consistently outperforms other models in a range of sce-
narios and across different performance metrics.

This innovative endeavour in utilizing SSL specifically for the vision encoder not only
offers promising improvements in model performance but also underscores the potential
of such hybrid methodologies in overcoming complex challenges within the medical image
retrieval domain. The end-to-end training scheme of the model further ensures the effective
interaction of different components and contributes to the overall success of the approach.
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Additionally, the versatility of this methodology extends beyond its current application;
it can be adapted to accommodate various data types or staining techniques, enabling the
retrieval of diverse modalities or different staining patterns. To achieve this, one would
need to compile a dataset that includes these varied modalities or staining techniques.
Subsequently, the model would require re-training based on the new dataset to fine-tune
its performance for these specific tasks.

81



Chapter 5

Summary and Future Work

5.1 Summary

The facilitation of efficient and versatile retrieval across varied modalities, such as images
and texts, is the core goal of cross-modal retrieval tasks for many real-world applications.
These tasks can be more challenging when the labelled data are scarce. To address this
problem, this thesis proposed a method that can extract robust embeddings for both image
and text modalities. The unique element of the suggested approach is the integration of
SSL, applied within the scope of knowledge distillation to cross-modal retrieval tasks and
the execution of an end-to-end training regime.

In the proposed paradigm, an effort was made to extract the most significant feature
embeddings from the given images via SSL, with a particular emphasis on the recently
emerged DINO architecture. This approach is further optimized by introducing a novel
patching scheme named harmonizing DINO, short H-DINO, which is tailored for pathology
WSIs. Consequently, a refined methodology is developed that progressively identifies and
captures the most important features across modalities, both in isolation and relative to
one another.

A multi-head self-attention module was employed, thereby enhancing the network’s
understanding of its assigned modality. Concurrently, the output from this module is
directed into a cross-attention module, which assists the model in locating potential align-
ments between the two modalities, namely text and image. This crucial step ensures that
the features retrieved from one modality can be fine-tuned by considering the influence of
the other. An iterative alignment scheme grounded in a memory network is employed in
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the proposed LILE+H-DINO strategy, serving to augment the retrieved features based on
significant data segments highlighted by the self-attention and cross-attention modules.

Moreover, a novel loss function was introduced that encompasses the objectives of both
the SSL and cross-modal retrieval tasks. Weights were utilized in this function to adjust
the significance of each objective group. This strategic weighting helps achieve a balance
between these distinct but interconnected objectives.

A rigorous assessment of the efficiency of the LILE+H-DINO methodology was con-
ducted across various datasets, including MS-COCO, ARCH, GRH, PatchGastricADC22,
and LC25000. Consistent superiority was demonstrated by the proposed approach in terms
of the Recall@K metric, a standard measure for retrieval tasks in both general purpose
and histopathology contexts. In addition, excellent performance was observed with the
introduced Recall@K@V metric, specifically designed to capture the nuances of multi-class
retrieval tasks in the histopathology field. Notably, the pioneering attempt to address
the challenge of bidirectional cross-modality retrieval in digital pathology was marked by
the proposed method, highlighting its potential to instigate transformative changes in this
field.

The effectiveness of an SSL scheme applied to cross-modal retrieval tasks was clearly
showcased by the proposed method. Similar images, although from different views, were
forced to adopt similar embeddings, enabling more insightful representations to be ex-
tracted. This approach takes a step further by integrating a unique patching scheme explic-
itly devised with WSIs in mind. Harmonizing patching is a departure from the local-global
concept in DINO literature to accommodate the anatomic intricacies of histopathology.
This tailored patching strategy utilizes the expansion of the chosen patch while maintain-
ing a consistent scale, i.e., the same magnification in digital pathology. Such a practice
ensures that the contextual integrity and structural consistency of the patch are preserved,
thus contributing to a richer and more accurate interpretation of the image content. The
distinctions in performance between LILE, LILE+DINO, and LILE+H-DINO illustrate
the advantages of merging SSL and the tailored patching scheme.

The importance and relevance of the proposed methodology are underscored by the
diversity of the datasets utilized in the experiments. Encompassing 22 primary diagnoses,
the GRH breast cancer dataset stands as the most formidable barrier encountered in this
research, thus offering a significant challenge due to its diagnostic breadth, and almost
imperceptible anatomic subtleties. The proposed method’s practical application is further
emphasized by its deployment on a dataset consisting of images and descriptions composed
by pathologists. This implementation demonstrates the real-world applicability of the
method, emphasizing its practical potential. On the other hand, the model’s performance
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was also tested using a less challenging dataset that included only five primary diagnoses.
This test confirms the method’s adaptability to various scenarios, ensuring its robustness
and broad applicability.

5.2 Future Works

The comprehensive study presented in this thesis provides multiple avenues for further
exploration and enhancement in the field of cross-modal retrieval tasks.

1. Extend to Other Modalities: While the presented work has largely focused on
image-text cross-modal retrieval, the methodology can be extended to include other modal-
ities such as genome data and even other image modalities including Magnetic resonance
imaging (MRI) or Computed tomography (CT) images form the radiology domain. This
expansion can pave the way for more comprehensive and versatile multimodal systems.

2. DINO for Other Applications: This study demonstrated the effective use of
DINO for image embeddings. Further research could investigate how DINO and similar
SSL methods could be applied to other tasks within the realm of medical image analysis,
such as segmentation or classification.

3. Explainability and Interpretability: As AI models become more sophisticated
and are increasingly used in critical applications like healthcare, the need for explainability
and interpretability becomes crucial. Future research could focus on developing techniques
that make the cross-modal retrieval process more transparent and interpretable.

4. Large-scale and Real-world Applications: The methodologies proposed in this
thesis should be validated and further improved upon by using larger and more diverse
datasets. In addition, this research could focus on the practical implementation of these
techniques in real-world medical applications, studying their impacts on clinical decision-
making, workflow, and ultimately patient outcomes.
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